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Abstract

This thesis presents a multi-font, segmentation—free Arabic OCR system.
The system is broken into four main stages: image acquisition, preprocessing,
feature extraction and classification. In image acquisition, a data corpus is
built using six Arabic fonts: Tahoma, Thuluth, Simplified Arabic, Traditional
Arabic, Naskh and Andalus. Each font has 2500 lines with a total of 15000
line images. In preprocessing, the text image is enhanced by reducing the
noise and aligning to the true horizontal axis. Each text image is then divided
into a set of line images. The line image is the system processing unit without
segmenting the line image into words, characters or primitives.

This thesis presents two different line finding approaches: un—normalized
and normalized approach. In the un—normalized approach, each line image
is processed as it is without changing the real line image height. In the
normalized approach, all line image heights are normalized to eliminate the
dependency on font size. The average of line image heights in the data corpus
is used as the normal height.

The system is built using hidden Markov models (HMM). Each Arabic
character is represented by a single HMM without the need to have a sep-
arate model for different character shapes or fonts. In order to use HMMs,
the horizontal position at the line image is assumed to be the independent
variable. Simple statistical features are extracted from the line image as a
function of horizontal position. The feature vectors are then transferred into
a sequence of observations using vector quantization method. At training
procedure, the observation sequence of the line image coupled with the line
ground truth is given to the hidden Markov model to train each character
model in the line using the Baum—-Welch method. In the recognition proce-
dure, the line observation sequence is input to the hidden Markov model and
the Viterbi—algorithm is applied to provide the sequence of output Arabic
characters. The implemented system is unlimited—vocabulary and lexicon—
free because the output of the system is a sequence of Arabic characters.
The sequence of Arabic characters between two consecutive space characters
represents an Arabic word. The system is built on hidden Markov model
toolkit (HTK), which is designed primarily for speech recognition research.
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Chapter 1

INTRODUCTION

Optical character recognition (OCR) is the branch of pattern recognition
that studies automatic reading of text images. The ultimate goal of OCR
systems is to imitate the human ability to read the text images quickly and
correctly.

One of the earliest and most successful applications of automatic read-
ing machines is sorting checks in banks. Other applications include reading
postal addresses of envelops, automating offices, archiving and retrieving
text, and reading forms of different types.

Most of the OCR systems have been built to recognize Latin, Japanese
and Chinese characters, while Arabic text recognition lags in research com-
pared to these languages [7]. This lag in research is because of many reasons:
the late start of research in Arabic text recognition, the special characteristics
of Arabic text — like cursiveness of the script and each character can have up
to four shapes, and the lack in general supporting utilities like programming
tools, dictionaries, staffs, and databases.



1.1 Motivation

Arabic text recognition is a very important subject not only for those who
speak Arabic, but Arabic script is used also in other languages such as Per-
sian and Urdo. Arabic OCR system transforms printed documents into an
electronic form that can then be processed using powerful information ex-
traction, retrieval, and automatic understanding algorithms. The result is
that information is easier to locate, sort and use. There is a lot of Arabic
typewritten text awaiting translation into machine-readable form. This text
may be found in books, newspapers and documents.

There are many challenges in Arabic text recognition. First Arabic is
written cursively so writing isolated characters in block letters is an unac-
ceptable and unused writing style. Arabic characters can have up to four
shapes according to their position inside the word. Since not all letters
in the word are connected, word boundary location becomes an interesting
problem, as spacing may separate not only words but also certain charac-
ters within a word. Some Arabic character combinations form new ligature
shapes depending on the font type. Other characters are overlapped, which
makes the procedure of segmenting the word into characters very difficult.

1.2 Research Approach

The cursive nature of Arabic script is the main challenge to any Arabic text
recognition system. Segmenting the script into characters is very difficult and
always generates errors in the segmentation—based system. This thesis solves
the cursiveness problem by presenting a segmentation—free system. This
thesis presents two line finding approaches: un—normalized and normalized
approaches. At un—normalized approach, each line image is processed as it
is without changing the line image height. At normalized approach, all line
images in the data corpus are normalized to eliminate the dependency on
font size and type. This system uses a hidden Markov models for each Arabic
character. The text image is processed line-by-line without segmenting the
line into words or characters. The horizontal position at the line image is
used as the independent variable to generate the simple statistical features.



1.3 Objectives

The ultimate goal of this thesis is the automatic reading of Arabic
typewritten text by building an Arabic OCR system.

One of the research goals is to build a data corpus that contains six
Arabic fonts that are used widely in real life. These fonts are: Thuluth,
Naskh, Simplified Arabic, Traditional Arabic, Tahoma and Andalus.

The use of simple and high performance features is one of the research
objectives. This thesis uses statistical features that are extracted very
simply without looking for structural features such as: loops, dots or
curves.

The classification procedure is the heart of any OCR system. This the-
sis uses hidden Markov models as the statistical classifier that makes the
recognition decision. It is trained by the statistical features that are ex-
tracted from the line images coupled with its ground truth. The recog-
nition output is a sequence of characters, so the system is a lexicon—free
system.

One of the research goals is to build an Arabic text recognition using
hidden Markov models toolkit (HTK). HTK is designed primarily for
speech recognition research. It is used in this research because of its
availability and flexibility.

The improvement of the output results is an objective of this research.
A statistical language model is built in parallel to give the probability
between Arabic characters. This model enhances the recognition results
of the classifier system.

1.4 Thesis Overview

The organization of the thesis is as follows. Chapter 2 reviews the theory
of the Arabic recognition system. It presents the characteristics of Arabic
text and different writing styles. The recognition procedure of Arabic text
is broken into a sequence of stages. A brief description of each stage and the
previous work is presented in this chapter.



Chapter 3 describes two important methods in this research: vector quan-
tization and Hidden Markov Models. Vector quantization is used to map each
feature vector by the nearest codebook index. This method reduces the com-
putations needed in the recognition process. Hidden Markov Model is used to
classify the line image features. The mathematical description of the applied
algorithms used with hidden Markov models are described in this chapter.
This chapter presents also an overview of the HTK toolkit.

Chapter 4 is an overview of the OCR system implemented in this thesis.
It describes the methods and algorithms used in each step in the recognition
process. It shows the system parameters and variables that have an effect on
the system performance.

Chapter 5 shows the performance of two approaches: un—normalized ap-
proach and normalized approach. In the un—normalized approach, each line
image is processed as it is without changing the height of the line images. The
normalized approach adds a normalization step before the feature extraction
stage to eliminate the dependency on the font size and type.

Chapter 6 studies the statistical language models. It presents the concept
of the language models and the effect of bigram and trigram language models.

Chapter 7 concludes the results of this research. It also gives the future
work based on the research results.



Chapter 2

LITERATURE REVIEW

2.1 Introduction

Optical character recognition (OCR) is the branch of pattern recognition that
studies the automatic reading of text. The main goal of OCR systems is to
convert the text images into a machine readable form. Thus, it involves many
subjects of computer science including image processing, pattern recognition,
natural language processing, artificial intelligence and data base systems.

Arabic language has a popular script. It is estimated that there are
more than one billion Arabic script users in the world. They speak different
languages (i.e, Arabic, Persian and Urdo).

The first published Arabic OCR system occurred in 1975 in the master’s
thesis of Nazif [45]. He developed a system for recognizing printed Arabic
characters based on extracting strokes and their positions. Recently, many
papers have been published to recognize Arabic script. Some of these papers
recognize characters, words or text. Some of the researchers are concerned
with on-line recognition while others are concerned with off-line recognition.

In this chapter, we will highlight the characteristics of Arabic text then
we will review the general stages of OCR systems.

2.2 Characteristics of Arabic Language

Arabic is spoken in North Africa and the Middle East. It is the official
language of twenty countries. More than one billion Muslims in the world
need to read the holy Qur’an, which is written in Arabic language.



The Arabic alphabet is not only used for writing Arabic. The alphabet
has been modified to fit other languages such as:

e Farsi (Persian) in Iran.
e Dari and Pashto in Afghanistan.
e Urdu and Kashmiri in Pakistan.

Arabic script is written from right to left in a cursive way. The Arabic
alphabet consists of 28 characters. Some of these characters have dots. Ten
characters have a single dot;(o, o 'C, 5 5 U C, O, O, &), three have
double dots;( &, 3, (), and two have three dots( &, ). The dots are

positioned above or below the character body. Some Arabic characters have
exactly the same shapes; they only differ from each other only by a single dot,
two dots, three dots or a zigzag (s). Figure 2.1 shows seven sets of characters

that only differ from each other by the position and/or the number of dots.

A aa £ = - A T
-a- -b- -c-

3 3 3o L L s
-d- -e- -f- -g-

Figure 2.1: Arabic characters differ only by the position and/or the number
of dots

The shape of each Arabic character is a function of its location within
a word. Each character can have one to four different forms: isolated, con-
nected from the right, connected from the left and connected from right and
left. Table 2.1 shows the different shapes of each Arabic character. The
characters (‘,S,J,.»,J', 3) have only two shapes: isolated and connected from
the right. For this reason, some Arabic words are divided into two or more
units (sub words). As an example, the word (= , Haseb) consists of two

sub-words: (& , Ha) consists of two characters, and sub-word (. , Seb)

which consists of two characters also.



Character

Isolated

Initial

Middle

Alif

Kaf
Lam
Meem
Noon
Ha’
Waw
Ya

vovor e GGG

(V)

o v G ((oe F F8F5 § GG W L

G

\

S U

L.

Lol bbb

S

L.

Y
3
=

UL T N A0 I S O N R o G R B N R R

G Y P Ee b FFG G FG YN e ¢ |F

Table 2.1: Arabic language alphabets.




Arabic characters may use Diacritics; short vowels. A diacritic may be
placed above or below the body of the character and can change the meaning
of the word. Though, most Arabic text is not diacritized, readers of Arabic
text are able to infer the meaning from context.

Arabic writing may be classified into three different styles [7, 36]:

o Typewritten: This is a computer generated style. It is the simplest
one because the characters are written without ligature or overlaps, see
Figure 2.2.

e Typeset: This style is more difficult than typewritten because it has
many ligatures and overlaps. It is used to write books and newspapers.
Nowadays, this style may also be generated using computers.

o Handwritten: This is the most difficult style because of the variation
of writing the Arabic alphabets from one writer to another.

Addlaal s Nl

[

Overlap Ligature Overlap ngature

Figure 2.2: An Arabic writing shows the “ligatures” and “overlaps”.

2.3 General OCR Systems

Generally, any OCR system can be broken down into the following stages:
immage acquisition, preprocessing, segmentation, feature extraction, classifica-
tion and post-processing. These stages are illustrated in Figure 2.3.

2.3.1 Image Acquisition

The first step in any OCR system is to capture text data and transform it
into a digital form. The recognition systems differ in how they acquire their
input. There are two different ways: on-line and off-line systems.

On-line (or real time) systems [8, 9, 10, 28, 29, 35, 40, 44] recognize
the text while the user is writing it, e.g. a digital tablet. The tablet cap-
tures the (z,y) coordinates of the pen location while it is moving. This



Image Acquisition

A

Pre-processing

A 4

Feature Extraction

Y

Classification

Y

Post-processing

Figure 2.3: General OCR systems.

generates a one-dimensional vector of these points. This vector depends
on the tablet resolution (points/inch) and the sampling rate (point/second).
The on-line systems have a high recognition performance where each char-
acter is represented by a vector of points that are sorted by the time factor;
time—dependant. The user of this system can see directly the output of the
recognition system and verify the results. The system is limited to recognize
handwritten text only.

Off-line systems recognize the text after it has been written or printed on
pages. Most interesting text is already printed in documents or books and the
need to convert it into an electronic media gives a great value to the off-line
recognition systems. Unlike on-line systems, off-line systems do not have
information dependent on the time factor. Each page of text is represented
by a two—dimensional array of pixel values. The system may acquire the
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input text using scanners [4, 5, 6, 25, 37, 41, 53] or video camera [31, 32, 33].
Scanners are used widely for off-line recognition systems. They are cheap,
introduce less noise and are more convenient to use for text recognition.
In addition to the scanning process, software accompanying these scanners
can perform additional operations to enhance the scanned image. These
operations include binarization and noise elimination as described below.

2.3.2 Preprocessing

Once text image is acquired, the preprocessing operations attempt to enhance
the text image by reducing noise and data variations. To achieve this goal,
a set of operations including thresholding, filtering, smoothing and skew
detection are applied to the text image.

Thresholding

Thresholding or binarization is a method which converts the grey level image
into a bi-level image. A bi-level image consists of two levels: white (back-
ground) or black (foreground); 0 or 1. The thresholding procedure selects
the threshold value, then all pixel values of the grey level image below this
threshold will be set to black and those above as white. There are different
techniques to define the threshold value. For example, the mean grey level
technique calculates the mean of the pixel values of the grey level image.
This mean is used as the threshold value. Another example of thresholding
methods is the histogram of the grey values. It is used by finding the cut-off
point between two peaks in the histogram. This point represents the thresh-
old value. Other methods such as iterative selection, Pun and using entropy
can also be applied [48]. These methods are shown in Figure 2.4.

Sometimes the thresholding procedure is applied to zones of the text
image instead of applying it to the text image as one block. This happens
when some of the text on the page is black on a white background while
the rest is white on a black background. This implies that, zones with black
background are inverted to match the same background in the rest of the
text image.



= 144

(e) Thr. using iterative selection = (f) Thr. using entropy = 16

(g) Thr. using two peaks = 34 (h) Thr. using Pun method = 187

Figure 2.4: Results of several methods of specifying threshold value.
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Figure 2.5: Structure element (SE).

Smoothing

This process is used to reduce the noise in an image using morphological
operations. One possible smoothing operation in an image is using opening
operation followed by a closing operation [48]. Opening operations tend to
“open” small gaps or spaces between touching objects in an image. Closing
operation will fill or “close” the gaps. Both opening and closing operations
apply two basic morphological operations called: Dilation and FErosion. A
Dilation of a set A by the set B can be defined formally as :

A@eB={c|lc=a+0b, a€ Abe B} (2.1)

where A represents the original image, and B is a set of pixels called a
structuring element. Figure 2.5 shows an example of structuring element.
The Erosion of an image A by a structuring element B can be defined as:

A B={c|(B).C A} (2.2)

In other words, it is the set of all pixels ¢ such that the structuring element
B translated by ¢ corresponds to a set of black pixels in A. In a simple case,
a binary erosion will remove the outer layer of pixels from an object.

An opening operation applies an erosion immediately followed by a di-
lation using the same structuring element. A closing operation applies a
dilation first, followed by an erosion using the same structuring element.
Figure 2.6 shows the effect of these operations.

Another method used to reduce the image noise is the “median filter”
method. Simply, median filter calculates the median value of all pixels in the
N x N window, and replaces the window center pixel by the median value.
Figure 2.7 shows the median filter effect using different window size.
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Figure 2.6: Smoothing example using (SE) in Figure (2.5).

Skew Detection and Correction

When using a scanner or a fax, sometimes the text lines are not aligned to
the true horizontal axis. The new scanners with automatic feeders cause the
document to rotate up to 20° of the true horizontal axis [36]. This angle
between the text lines and the horizontal axis is called the “skew angle”.
The procedure of measuring this angle is called the “skew detection” and the
process to return back the document to the true horizontal axis by the same
skew angle but in the reverse direction is called “skew correction”.

One possible method of skew detection is the “Hough transform” [48].
Hough transform is a method of detecting straight lines in an image. Any
black pixel in an image has infinitely many straight lines that could pass
through it. Each line can be characterized by the following equation:

y =maz+b. (2.3)

where (x,y) are the coordinates of the pixel, m is the slope of the line, and
b is the intersection of the line with y—axis.
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Figure 2.7: The median filter effect. a) original image without noise. b)
image after adding a desired noise of type “salt & pepper”. c) image in (b)
after using 3 x 3 median filter. d) image in (b) after using 4 x 4 median filter.
e) image in (b) after using 5 x 5 median filter. f) image in (b) after using
6 x 6 median filter.

If x and y are constants, m and b are the coordinates. The line equation
will be as follows:
b=—-Xm+Y (2.4)

which is the equation of the line in (m, b) space. This space is called “Hough
space”. Figure 2.8 shows a skewed image and its Hough transform.

Once the skewing angle is determined, the text image is then rotated with
the skewing angle but in the reverse direction as shown in Figure 2.9 (b).

2.3.3 Segmentation

Up to this stage, the text image is enhanced and aligned on the true hor-
izontal axis. In order to extract features from the text image, it should
be segmented into lines, words, characters or primitives. Really, the OCR
systems can be classified into two major kinds depending on the type of
segmentation: segmentation—based systems and segmentation—free systems.
The segmentation procedure is the major challenge for any Arabic OCR sys-
tem because of the cursiveness of the Arabic script. This challenge occured
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(a) A skewed image (b) Hough transform of (a)

Figure 2.8: Skew detection example. (a) the text in the image is skewed by
19° from the true horizontal axis. (b) the hough transform of image in (a)
detects the skewing angle.

at segmentation—based systems while segmentation—free systems avoid this
problem.

Segmentation—based Systems

Segmentation methods can be divided into the following categories:-

e Pre-segmented characters (isolated): These systems are built to recog-
nize isolated characters [16, 46] or numbers [2]. It can be used after a
segmentation algorithm that segments the words into characters [3, 18].

a1 cuale o Al g gl N a gl s AL
sl e Gaia (o2l My 2 gh Oy S
) adld 690 b€ At by 1y 0 A aldl
poul 5 Loa aLES (31 S gl B jluall g g Cydy il
s 2l plisa o doaadlly Jluai¥h o L8 (als auy

A0 B S A A5 ga g iy AN G e
(a) (b)

L LLL

Figure 2.9: De-skewing operation. (a) Horizontal projection. (b) Arabic
text after de—skewing operation.
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o Segmenting into primitives: This approach segments a cursive word into
primitives. Primitives are possibly smaller than characters like strokes,
intersection points, loops, dots and ligatures. The recognition systems
recognize these primitives and combine them to generate a word [3].

The base line and vertical projection are important methods for this
type of systems. The base line [47, 52] is used to define the sequence of
connection points. The connection point is where the base line changes
from or to its normal thickness. If handwritten text is used, this method
will fail because the base line will vary from a writer to another.

Vertical projection histogram [1] is applied also to segment a connected
word into primitives. The segmentation points are the locations where
the histogram falls below a certain threshold.

o Segmentation into characters: This approach segments the word into
characters [12, 13]. Because of the cursiveness of Arabic script, seg-
menting a word into characters without errors is a very hard job. The
previous methods — base line and vertical projection — have been used
with a few modifications to prevent breaking up characters into more
than one part. Vertical projection histogram is an effective method
here. It defines the connection points as the location where the his-
togram falls below a pre—defined value (threshold).

Segmentation—free Systems

This type of systems recognize the text words without segmenting it into
words, characters or primitives. These systems avoid the segmentation pro-
cedure that has generated many errors in the segmentation-based OCR, sys-
tems because of the cursive nature of the Arabic script.

One approach was to choose the text line as the processing unit for train-
ing and recognition [22]. The text page is divided into a set of line images.
Each line image is scanned with a narrow vertical strip from right to left.
The horizontal position in the line image is used as an independent variable
and statistical feature vectors are extracted from each horizontal position in
the line image.

In [38, 39], the researchers implement a new segmentation—free technique
to recognize typewritten and handwritten Arabic words. They represent each
word by a set of Fourier coefficients extracted from the image of each word.
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2.3.4 Feature Extraction

In order to translate the text image into useful data, the features of the
pattern should be extracted to pass them to the classifier. The feature is
a measurement applied to the text image and stacked together to generate
a vector of measurements called “feature vector”. The feature vectors for
a certain character should characterize the character and make it different
from any other characters. For selecting good features, the following criteria
should be considered: features should preferably be independent of rotation
and size, features should be easily computed and features should be chosen
so that they do not replicate each other. Feature types can be categorized
into three main groups: structural features, statistical features and global
transformation.

Structural Features

Structural features describe the geometrical and topological characteristics of
a pattern by describing its global and local properties. The structural features
depend on the kind of pattern to be classified. For Arabic characters, the
features include zigzag, dots, loops, intersection points, end point and strokes
in various directions. The number of dots and their positions with respect
to the baseline can be used also as a structural feature [1, 14]. The length
of contour segment and the distance between the start and end points of the
contour projection of the x—axis and y—axis are structural features that can
be extracted from the text image.

In general, structural features are difficult to extract from the Arabic text
image and many errors occur because of the small difference between Arabic
characters.

Statistical Features

Statistical features describe a pattern by extracting a set of characteristic
measurements from the pattern. For Arabic text recognition, the statisti-
cal features include zoning, characteristic loci, crossing and moments. The
zoning of pixels is used by dividing the text image into zones and using the
density of pixels in this region as a feature (see Figure 2.10). These zones
can be overlapped vertically, horizontally or not overlapped. In [22], the re-
searchers scan the line images from right to left with an overlapped narrow
vertical strip whose width is equal to 1/15 of the height of the line. They
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Figure 2.10: a) A line image has two frames. b) The pixels representation of
two frames. ¢) Two frames into 4 x 3 cells. d) From pixels to feature vector
using intensity method.

divide each strip into 20 overlapped cells. The statistical features are then
extracted from each cell.
The crossing method described in [27] calculates the number of times

that the pattern crosses the radial lines at different angles (e.g., 8 lines at
0°,45°,90°...).

Global Transformation

The transformation scheme convert the pixels transformation of the pattern
to a more compact form which reduces the dimensionality of features. One
of the transformations is the projection transform [17, 20] to represent the
character image as a string of primitives.

Fourier descriptors method is also applied by using the coordinates of
the contour pixels. The character can be then represented by a periodic
function [30, 51].

Hough transform [48] can also be used to represent the skeleton of a
character as a set of line segments and then use the length, slope and location
of the line as a feature.
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2.3.5 Classification and Recognition

(Classification in an OCR system is the main decision-making stage. Based
on the extracted features, the classifier attempts to identify the pattern that
represents the input features. The classification methods can be divided into
three types: structural, statistical or neural network classifiers.

Structural Classifier

The input pattern is classified based on its components or primitives. The
classifier identifies the primitives of the character first and then identifies the
character by a set of primitives [15].

Statistical Classifier

Statistical classification methods map a fixed length of feature vectors with
a partitioned space. Minimum distance classifier is one of the statistical
classifiers. It assigns the input pattern to be one of the predefined classes
that has the closest distance. FEuclidean distance is the common distance
measure applied to recognize Arabic characters. The common clustering
algorithm is K—mean clustering algorithm [50].

One of the most efficient statistical classification methods is the hidden
Markov models (HMMs). HMMs are applied successfully in speech recogni-
tion applications then the researchers implement HMMs in character recog-
nition. In [22], the researchers use tied-mixture Gaussian HMMs [23] to
recognize English and Arabic texts. Each character in the Arabic alphabet
was represented by a single HMM. They use the training and recognition
algorithms that are used in BYBLOS speech recognition system [24].

Neural Network Classifier

Artificial Neural Network (NN) is one of the most successful classifier meth-
ods used in the pattern recognition. NNs is a non-linear system and may be
characterized according to a particular network topology, characteristics of
the artificial networks and learning algorithms used.

The architecture of NNs used with Arabic OCR systems is generally bro-
ken into three layers: input, hidden and output. The network is trained to
learn the correct classification output for each training example. The num-
ber of nodes in the input layer has the same dimension of the feature vector.
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In [19], Amin implements a five-layers artificial neural network to classify
handwritten Arabic characters. Each character is classified in terms of the
segments used such as dot, zigzag, line curve or loop. This system obtained
a recognition rate equal to 92%. In [11, 19, 21], Arabic OCR systems are
implemented also using NNs classifier.

2.3.6 Post—processing

The last stage in Arabic OCR systems is the post—processing stage. The
main goal of this stage is to improve the recognition output. Spell-checking
and correction is the major post—processing method. It looks for the output
words in the language dictionary. In [43], the researchers report that the
spell checking increases the recognition rate from 92% to 99%.

2.4 Summary

In this chapter, we first presented the characteristics of the Arabic lan-
guage and the challenges to Arabic OCR systems. Then we have reviewed
the general stages of Arabic OCR systems. These stages are: image ac-
quisition, preprocessing, segmentation, feature extraction, classification and
post—processing. In each stage, we reviewed the previous work done and the
different techniques that have been successfully used.



Chapter 3

METHODOLOGY

3.1 Introduction

Once the line images are obtained from the text image and the feature vec-
tors are extracted from each line image, these feature vectors need a set of
methods and algorithms to complete the recognition process. This chapter
presents two main techniques: Vector Quantization (VQ) and Hidden Markov
Models (HMMs) that are used in building this system. VQ technique is used
to encode the input feature vectors into a set of codebook indexes. VQ
reduces the computations in the recognition system.

HMM is a stochastic process while the sequence of codebook symbols can
be characterized as a parametric random process. HMM is used to classify
the input sequence of symbols assuming the horizontal position at the line
image as the independent variable where the feature vectors are extracted at
each horizontal position.

3.2 Vector Quantization

Vector quantization (VQ) is an efficient source coding techniques. It is a
procedure that encodes a vector of input data into an integer (index) that is
associated with an entry of a collection (codebook) of reproduction vectors.
The reproduction vector chosen is the one that is closest to the input vector
in a specified manner. The coding is achieved in the process of converting
the vector into a compact integer representation, which ranges from 1 to M,
with M being the size of the codebook (number of entries).

21
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Vector quantization reduces the storage required for the analysis informa-
tion. It reduces the computations needed to determine the similarity between
various vectors. It is also an efficient representation for discrete (symbolic)
data.

The disadvantage of the use of a VQ codebook is that there is only a finite
number of codebook vectors; the process of choosing the best representation
of a given vector is equivalent to quantizing the vector and leads to a certain
level of quantization error. As the size of the codebook increases, the value of
the quantizing error decreases. Another disadvantage of using a VQ codebook
is the need for storage for saving the codebook. The larger the codebook (to
reduce the quantization error), the more storage is required for the codebook
entries.

3.2.1 VQ Training Set

To build a VQ codebook, a large set of training data is required. The training
set is used to create an optimal set of codebook vectors for representing the
variability observed in the training set. In [50], Rabiner reports that if the
analysis vectors vy, vs,...,v; and the size of VQ codebook is M, then L
should be at least 100 in order to train a VQ codebook that works reasonably
well.

3.2.2 Distance Measure

The distance measure between two vectors v; and v; is of the form:

:Oif’UZ‘IUj

d(vi,vj) = { (31)

> () otherwise

d(v;,v;) is the distance between a pair of analysis vectors to cluster the
training set vectors into a unique codebook entry.

If v; and v; are assumed to be two feature vectors on a vector space x. To
define a distance function d on the vector space x as a real-valued function
on the Cartesian product y X x, this function should satisfy the following
conditions [50]:

1. 0 <d(v;,v;) < o0 Yu;, v € X

2. d(UZ',’Uj) =0 = U =V
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3. d(UZ',’Uj) = d(Uj,’Ui> VUZ',U]' S
d

4. d(v;,v)) (vi, vg) + d(vy, vg) Y, vj, v, € X

In this research, Euclidean distance measure is used. It is the simplest
and the most common used distortion measure and is defined as follows:

d(z,y;) = |z —y;ll

= i(xj — Yij)? (3.2)

where z; is the jth component of the input vector, and y;; is the jth compo-
nent of the codeword ;.

3.2.3 Centroid Computation

The training set vectors are partitioned into M clusters. Each cluster repre-
sents one entry in the codebook and is referred to as the cluster centroid.

If {xz}zil is a set of vectors and d(z,y) is a distortion measure, then
the centroid of {xl}li
distortion:

| is defined as the vector 7 that minimizes the average

_ .1
y = min ;d(asi, Y)- (3.3)

3.2.4 Classification Procedure

This is the procedure in which a set of L training vectors can be clustered
into a set of M codebook entries. This procedure is known as the K—means
clustering algorithm [50], and works as follows:

o [nitialization:

Select M vectors randomly from the L training set vectors. These M
vectors represent the initial values for the codebook centroids.

e Recursion:

1. Nearest—neighbor search: for each training vector, use Euclidean
distance measure (Eq. 3.2) to find the nearest code word in the
current codebook that is closest to that vector, and assign that
vector to the corresponding codebook entry.
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2. Centroid update: update the codebook entry using the centroid
(Eq. 3.3) of the training vectors assigned to that class.

3. Repeat 1 and 2 until the average distance falls below a predefined
threshold.

3.3 Hidden Markov Models

Markov Model is described at any time as being in one of a set of states
where each state corresponds to a physical event as illustrated in Figure 3.1.
The system in this figure can be described at any time as being in one of the
five distinct states. The transition from one state to another is specified by
a set of probabilities a;; [49].

Asy

Figure 3.1: A Markov model with five states.

If the observation is a probabilistic function of the state, then the re-
sulting model (which is called a hidden Markov model HMM) is a double
embedded stochastic process with an underlying stochastic process that is
not observable (i.e., hidden), but can only be observed through another set
of stochastic processes that produce the sequence of observations [49].

Figure 3.2 shows an example of HMM process, where the four state model
moves through the state sequence X = 1,2,3,4 in order to generate the
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Figure 3.2: Observation sequence

observation sequence 010, ...0s. However, only the observation sequence
O is known and the underlying state sequence X is hidden. This is why it is
called a hidden Markov model.

3.3.1 Elements of an HMM
An HMM model can be characterized by the following:

e N, the number of states per model. Each individual model is denoted
as S = {S51,959,...,Sn}, and the state at time ¢ as ¢.

M, the number of distinct observation symbol per state. Each individ-
ual symbol is denoted as V = {V;, Vo, ..., Vi, }.

o A= {a;;}, the state transition probability distribution, where
aij = Plg1 = Sjla: = Si, 1<4,7<N. (3.4)
e B = {b;(k)}, the observation symbol probability distribution in state,
where:

bij(k) = P[Vy at tlgg=25], 1<j<N, 1<k<M (35)

7 = {m;}, the initial state distribution, where:
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Given an appropriate values of N, M, B, A, and 7, the HMM can be used as
a generator to give an observation sequence O = 010503 ...Op. Therefore
we can use the compact notation:

A= (A, B,7) (3.7)

to indicate the complete parameter set of an HMM with discrete probability
distributions.

3.3.2 The Three Basic Problems of HMM

Most applications of HMMs are finally reduced to solving three main prob-
lems. These problems are:

1. Problem 1 (evaluation problem): Given the model A = (A, B, ), how
do we compute P(O|)) , the probability of occurences of the observation
sequence O = 0105 ...0r.

2. Problem 2 (decoding problem): Given the model A = (A, B, 7), and
the observation sequence O = 010, ...Or, how do we choose a corre-
sponding state sequence () = q1qs . . . qr which is optimal.

3. Problem 3 (training problem): How do we adjust the model parame-

ters A = (A, B, ) to maximize P(O|\).

3.3.3 HMM Basic Algorithms

To solve the previous three HMM problems, there are three basic algorithms:
1. The Forward algorithm to solve problem 1.
2. The Viterbi algorithm to solve problem 2.

3. The Forward-Backward algorithm (Baum—-Welch algorithm) to solve
problem 3.
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Figure 3.3: Forward algorithm: induction step

3.3.4 The Forward Algorithm

Forward algorithm is used to find the probability of having a particular ob-
servation sequence O = 0105 . ..Or, given a model \; P(O|\).
We define the forward variable o as:

Oét(’l') = P(0102 Ce Ot, qs = SA)\) (38)

ay(1) is the probability of the partial observation sequence, O10;. .. O, until
time ¢t and state S; at time ¢, given the model A. The algorithm procedure
is as follows:

e [nitialization: initialize the forward probabilities as the joint probabil-
ity of state S; and initial observation O;.

a(i) = mbi(0)), 1<i<N (3.9)

e Induction: The product a;(i)a;; is the probability of the joint event
that O = 0,0, ... O; are observed, and state .S is reached at time ¢ +1
via state S; at time t. Summing this product over all the N possible
states S; at time ¢ gives the probability of S; at time ¢ + 1 as shown
in Figure 3.3. Multiplying the summed quantity by the probability
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bj(O441), we obtain the value of ay41(Eq 3.10).

N
ai1(j) = lZat(i)aij]bj(Om) 1<t<T-1 1<j<N
=1
(3.10)

e Termination: Finally P(O|\) is the sum of the terminal forward vari-

ables ar (1)
N

P(OIN) = ar(i). (3.11)

i=1

3.3.5 The Viterbi Algorithm

Viterbi algorithm is used to find the single best state sequence @ = {q1¢2 . . . qr}
for the given observation sequence O = 010, ...0Op. We need to define:

525(7/) = max P[CI1CI2 ...qr = i, 0102 e Ot|)\] (312)

q1492...9t—1

0¢(7) is the highest probability along a single path at time ¢. By induction
we have:

Or41(J) = [max 6, (7)a;].b;(Ors1) (3.13)

The complete procedure to find the best state sequence Q@ = {q1¢z . ..qr} is
as follows:

e Initialization:

Y1(i) =0 (3.15)

where 1;(j) is an array of the actual state sequence, to keep track of
the argument which is maximized (Eq. 3.13) for each ¢ and j.

e Recursion:

(5,5(]) = Inax [5t_1aij]bj(0t) 2 S t S T, 1 S] S N (316)

1<i<N

Ui(j) = arg max [0, 1 (i)ay] 2<t<T, 1<j<N  (3.17)
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Figure 3.4: Viterbi algorithm example.

e Termination:

P = 1@2}&[%(2’)] (3.18)
gr = arg max [6r(i)] (3.19)

e State sequence backtracking:
G =Yalqy,) t=T-1T-2,...,1 (3.20)

We note from the above procedure that Viterbi algorithm is the same as
Forward algorithm except for the backtracking step. The following example
will describe this algorithm in details.

Viterbi Algorithm Example

Consider the three state HMM as shown in Figure 3.4. The transition weights
between states are assumed to be symmetrical (i.e., the weight from state i
to state j is the same as the weight from state j to state 7). At time t = 2,
state 1 can be visited from any state in the model at time ¢t = 1. Table 3.1
shows the cumulative weight of state 1 through each path at time t = 2.

The same procedures are applied when ¢t = 3, 4 and 5 to each state. At
t = 5, the state with the minimum weight will be selected to be the last state
in the optimal state path. Backtracking the sequence of states will give the
optimal state sequence: S3, Si, S3, S1, S35 as shown in Figure 3.5 by dotted
line.
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Figure 3.5: The Viterbi algorithm example. The minimum cumulative weight
at each time ¢ is shown above each state. The optimal state path is drown
by dotted line.

statei —— state j | cumulative weights | minimum
2 — 1 7 No
3 — 1 5 Yes
1 — 1 9 No

Table 3.1: The procedure of determining the minimum weights of state 1 at
t=2.

3.3.6 Baum—Welch Algorithm

Baum-Welch algorithm is used to adjust the model parameters (A, B, )
to maximize the probability of the observation sequence O = 0;0;...0O;
given the model A\. There is no analytical way to do this. It is applied to
locally maximize the likelihood P(O|\) given the model A = (A, B, 7). This
procedure is defined as follows:

Assume & (i, j) is the probability of being in state S; at time t, S; is the
state at time t+1 and (;(j) is the backward variable as shown in Figure 3.6

gt(zaj) = P(Qt = S’i) qit+1 = Sj|07 )‘) (32]‘)
using the Forward variables:

6i) = Oét(i)aijb;((gtf;\l))ﬁﬂrl(j) (3.22)

_ (1) aijb;(Ops1)Brra(4) (3.23)
Yits 50 (8 aibi (Orin) Briag)
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Figure 3.6: Baum-Welch algorithm

We define 7;(7) as the probability of being in state S; at time t, given the
observation sequence and the model.

V(i) = ;gt(iaj) (3.24)

From the above variables, we can give a method for re—estimating the para-
meters of an HMM. A set of reasonable re-estimation formulas for w, A, and
B are:

m;, = expected number of times in stateS; at time (t = 1)

G (3.25)
expected number of transitions from state S; to state S

Gij = expected number of transitions from state 5;
T—1¢ (-
_ 1,
a; = —Zt}{ft( ,‘7) (3.26)
Y1 (@)
) expected number of times in state S; and observing symbol V;,
j =

expected number of times in state .S;
T .
](/{3) _ Zt:lj’,ot:vt ’Yt(j) (327)
=1 7(7)

=
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If we use the current A = (A, B, ) to calculate &(i,5) and v(j) (right—
hand sides of Eq 3.25, 3.26, and 3.27), then the left-hand side gives the
re—estimation model X = (A4, B, 7). If P(O|\) > P(O])), then the model
A is more likely than model A and the re-estimation procedure is repeated
using \ instead of A until some limitation (predefined threshold) is reached.
The final result is called a maximum likelihood estimation of the HMM.

3.3.7 Types of HMM

HMMs can be classified by the structure of the transition matrix A into
three types: ergodic model, left-to—right model and parallel path left—to-right
model. In ergodic or fully connected HMMs, every state of the model can
be reached in one step from other states in the model. Each coefficient a;;
in the transition matrix has a positive value. As an example of a 4—states
model, the transition matrix is as follows:

11 Aaiz2 Aaiz Qaiq

Q21 Ag22 A3 (A24
A =

a31 Q32 a3z aA3z4

Q41 Q42 Q43 A44q

The ergodic type of models is not the best choice for all systems, especially
for model whose signals’ properties change over time, when time increases
the state index increases or stays at the same state. The best type of HMMs
for this kind of signals is called left-to-right models. The state matrix coef-
ficients have the property

The form of the transition matrix for 4-states model is as follows:

aj; aip a3 0
0 az a3 ay
0 0 asz as
0 0 0 au

A=

There are many possible models in between the ergodic model and the
left—to-right model. The parallel path or cross—coupled connection consists
of two left—to-right models connected to each other by parallel links.
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3.4 HMM Toolkit

The hidden Markov model toolkit! (HTK) is a portable toolkit for building
and manipulating hidden Markov models. It is primarily designed for build-
ing HMM-based speech recognition systems. HTK was originally developed
at the Speech Vision and Robitics Group of the Cambridge University Engi-
neering Department (CUED).

Much of the functionality of HTK is built into the library modules avail-
able in C source code. These modules are designed to run with the traditional
command line style interface, so it is simple to write scripts to control HTK
tools execution. The HTK tools are categorized into four phases: data prepa-
ration, training, testing and result analysis tools. This section reviews these
categories.

3.4.1 Data Preparation Tools

In order to build an HMM recognition system, a set of training data files and
their associated transcription are required. HTK tools are mainly designed
for speech recognition systems, so the tools are designed to obtain the speech
data from data bases, CD ROM or record the speech manually. These tools
parametrize the speech data and generate the associated speech labels. For
this OCR system, the data preparation tools are not used because it is de-
signed only for speech recognition research. Tha data corpus is built outside
the HTK toolkit and then converted into HTK data format.

3.4.2 Training Tools

Once the data is prepared, the next step of building an HMM-based recogni-
tion system is to define the topology for each HMM. HTK allows HMMs to
be built with any desired topology using simple text files. The training tools
will adjust HMM parameters using the prepared training data coupled with
the data transcription. These tools apply the Baum—Welch re-estimation
procedure described in section 3.3.6.

Thttp://htk.eng.cam.ac.uk/
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3.4.3 Recognition Tools

HTK provides a recognition tool to decode the sequence of observations and
output the associated state sequence. The recognition tool implements the
Viterbi algorithm described in section 3.3.5. It requires a network to describe
the transition probabilities from one model to another. The dictionary and
language model can be input to the tool to help the recognizer to output the
correct state sequence.

3.4.4 Result Analysis Tool

This evaluates the performance of the recognition system by matching the
recognizer output data with the original reference transcription. This com-
parison is performed using dynamic programming to align the two transcrip-
tions and then count the number of:

1. Substitution errors (S): the number of wrong labels that subtitute cor-
rect labels in the recognizer output sequence.

2. Deletion errors (D): the number of correct labels deleted from the recog-
nizer output sequence.

3. Insertion errors (I): the number of wrong labels inserted between two
consecutive correct labels in the recognizer output sequence.

4. (N): the total number of labels in the recognizer output sequence.

Figure 3.7 shows an Arabic sentence, a reference line, and two possible
recognizer outputs. The optimal string match [54] calculates a score for
matching the output sample with respect to the reference line. The procedure
works such that identical labels match with score 0, a label insertion carries
a score of 7, a deletion carries a score of 7 and a substitution carries a score
of 10. The optimal string match is the label alignment which has the lowest
possible score. Once the optimal alignment has been found, the correction
rate (%Corr) is then:

N—D—
%COTT’ = TS X 100% (329)

If H is the number of correct (hit) labels H = N — D — S. Then the
correction rate becomes:
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Figure 3.7: Optimal string match (a) a reference line. (b) an output sample,
the total score = 48, correction rate = 86.67% and accuracy = 80.00% (c)
another output sample, the total score = 31, correction rate = 93.33% and
accuracy = 86.67%

%Corr = % x 100% (3.30)
The percentage of accuracy (%Acc) is then defined as:
%Ace = N-D-5-1 x 100%
N
- H]\_f L 100 (3.31)

In Figure 3.7(b), the total number of labels N = 30, two deletions D =
2, two substitutions S = 2 and two insertions I = 2. The total score =
(7 x2)+ (10 x 2) + (7 x 2) = 48. The correction rate equals to:
30—-2-2

%Corr = 0 x 100 = 86.67%
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and the accuracy equals to:

30—-2-2-2
%Ace = 20 x 100 = 80.00%

In Figure 3.7(c), the total number of labels N = 30, one deletion D =
1, one substitution S = 1 and two insertions I = 2. The total score =
(7x 1)+ (10 x 1) + (7 x 2) = 31. The correction rate equals to:

30—-1—-1
%Corr = — 30 x 100 = 93.33%
and the accuracy equals to:
30—1—-1-2
%Acc = 30 x 100 = 86.67%

These two examples show how the HTK analysis tool measures the per-
formance of the recognition system.

3.5 Summary

In this chapter, we reviewed two main techniques that are used in this re-
search: vector quantization and hidden markov models. We discussed the
algorithms in each technique in addition to the mathematical details of these
algorithms.

Finally, we reviewed the hidden markov model toolkit (HTK), which is
the toolkit we used to implement our Arabic OCR system. We presented the
main stages of the toolkit and we discussed how the system performance is
measured.



Chapter 4

OVERALL RECOGNITION SYSTEM

4.1 Introduction

Chapter 2 illustrated the general stages of the Arabic OCR system in details.
This chapter presents an Arabic OCR system in details. Figure 4.1 shows a
block diagram of this system. Once the text page is scanned, the preprocess-
ing stage reduces the noise from the text image and de—skews the image to the
true horizontal axis. Then the lines of text are located from the text image
and simple features are extracted from each line image. The two—dimensional
feature vectors are transferred into one—dimensional sequence of symbols us-
ing vector quantization method. The preprocessing and feature extraction
stages are identical for training and recognition procedures. In training pro-
cedure, the system takes as input the sequence of symbols coupled with the
corresponding ground truth and estimate the parameters of character mod-
els. In the recognition procedure, the system takes the sequence of symbols
as input to find the character sequence that has the highest likelihoods.

4.2 Data Corpus

4.2.1 Arabic Fonts

To test the OCR system, we built a data corpus includes six different Arabic
fonts: Thuluth, Naskh, Tahoma, Traditional Arabic, Simplified Arabic and
Andalus. This section illustrates the characteristics of these fonts.

37
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Figure 4.1: Block diagram of the implemented Arabic OCR system.

Thuluth Font

Thuluth script was first formulated in the seventh century during the Umayyad
kilaphah!, but it did not develop fully until the late part of ninth century.
The name “Thuluth” means “one-third”; this is may be because of the pro-
portion of straight lines to curves, or because the script was one third of
the size of another popular script called “Altomar”. It inherits some of the
functions of the early Kufic script.

Thuluth was used to write headings and titles in the holy Qur’an. It is
characterized by curved letters with barbed heads. It has a lot of overlaps
and ligatures. The line in Figure 4.2 (a) is written in Thuluth font.

Naskh Font

Naskh, which means “copying”, was developed in the tenth century by Ibn
Muglah. The script is relatively easy to read and write. It was used in
writing the holy Qur’an too.

Naskh is usually written with equal vertical depth above and below the
base line. The curves are fully deep and the words generally well spaced.
The line in Figure 4.2 (b) is written in Naskh font.

'http://arabiccalligraphy.com/
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Figure 4.2: The different Arabic fonts that are used in our data corpus.
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Other Fonts

The other data corpus fonts are: Traditional Arabic, Simplified Arabic,
Tahoma and Andalus. They are shown in Figure 4.2 (c:f). Thuluth and
Naskh fonts are the most complicated fonts as shown above. They contain
many character overlaps and ligatures. On the other hand, Tahoma is the
simplest one because it contains no overlaps and ligatures.

4.2.2 Building Data Corpus

Building a data corpus is an important step to assess the performance of the
recognition system. Due to the lack of electronic lexicon [7], we had to build
a data corpus to test the proposed system.

Frequency of Arabic characters in our data corpus

0.18 -
0.16 ~
0.14 ~
0.12 -
0.10 ~
0.08 +
0.06 -
0.04 +
0.02 +
0.00 -

character frequency (normalized)

L R A T N T I TN ST Ire - IT-RE- I T Y R B B A A SR R R

Arabic Characters

Figure 4.3: Frequency analysis of the Arabic characters in our data corpus.
The total number of characters = 120306 characters.

The data corpus is collected from different information sources: islamic,
sports, medical and other sources. Data corpus includes all Arabic characters.
The frequency of each Arabic character is shown in Figure 4.3. The data
corpus consists of 2500 lines for each font and the whole corpus consists of
6 x 2500 = 15000 lines for all six fonts. A soft copy of data corpus is first
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collected and then printed out in pages. The printout pages are then scanned
to generate the data corpus images. A scanner of 300dpi is used to scan the
data pages. This operation consumes a lot of time because the data to be
scanned is huge (approximately 600 pages). Each page image is saved into
a binary (0,1) Tagged Image File Format (TIFF). This type of file format is
simple for reading and writing.

4.2.3 Data Labeling

This is also known as Transcription. The labeling procedure in this thesis
uses Microsoft Windows codepage (as shown in Figure 4.4). Once the soft
copy of data corpus is built, each Arabic character is then represented by two
hexadecimal numbers. This labeling method has the following advantages:

e Labeling procedure takes a very short time compared to the traditional
(manual) labeling procedure while the soft copy of the data corpus is
already available.

e The post—processing procedure is also a very quick and easy procedure.
Post—processing procedure converts the output of the OCR system to
a soft (readable) format (i.e., word format).

Arabic characters are context sensitive. A character may have up to four
different shapes depending on its location within a word: start, middle, end
or isolated, see Figure 4.5. During labeling, all different character shapes are
represented by one label. This way minimize the number of labels needed
for the transcription (labeling) operation. The total number of labels in the
system equal to 59 labels and it includes Arabic characters, numbers and
punctuation marks.

Finally, the above labeling procedure is executed outside HTK toolkit
because the labeling procedures inside the HTK toolkit are only for speech
recognition systems.

4.3 Preprocessing

Once the text pages of data corpus are acquired off-line using scanner ma-
chine, the first stage of building the OCR system is finished by transferring
the text pages into a digital images. Preprocessing is the next stage of build-
ing the Arabic OCR system here. The main function of this stage is to
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Figure 4.4: Microsoft Windows Codepage (Arabic).

= c = C

start end middle isolated

Figure 4.5: Four different positions for the Arabic character Ha’.
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enhance the text images by reducing the noise in the image. Another impor-
tant function is to align the text image in the true horizontal axis by detecting
and correcting the skewing angle. These operations are shown below.

4.3.1 Noise Reduction

Noise is an important challenge to any OCR system. It may come from bad
scanners or from poor documents. To minimize the noise problem, a scanner
of high quality is used to scan corpus documents. When the noise is detected
in the text image, a median filter of size 3 x 3 is used to minimize the noise
as described in section 2.3.2. A 3 x 3 median filter has a small effect on the
text image compared to other filters such as 4 x 4, 5 x 5 and 6 x 6 filters
as shown in Figure 2.7. On the other hand, we can’t vouch that the 3 x 3
median filter erases all noise in the text image, but if there is still a noise in
the image after applying the median filter, the image is rescanned again or
discarded from the data corpus.

The disadvantage of using median filter method is that it changes some
pixel values at the text image especially at the image edges as shown in
Figure 2.7.

4.3.2 Skew Detection and Correction

The data corpus is scanned page by page where each page image consists of
a set of line images. But first, the text lines in each page must be aligned to
the true horizontal axis to be able to determine the line delimiters.

Sometimes, when the corpus pages are scanned, the text lines are not
aligned to the horizontal axis as shown Figure 4.6(a). The text lines can’t
be divided using the horizontal projection method as shown in Figure 4.6(b).
From this figure, the line delimiters are not clear from the horizontal pro-
jection, so it is impossible to divide the text image into line images. Hough
transform described in section 2.3.2, is used to compute the text skewing an-
gle. Once the skew angle is determined, the text image is then rotated with
the skewing angle but in the reverse direction. The horizontal projection of
the text image defines each line delimiters especially, top and bottom points
of each line image as shown in Figure 2.9 and the vertical projection defines
the start and end points of the line image as shown in Figure 4.7.
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Figure 4.6: a) A skewed image. b) Horizontal projection of (a).
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Figure 4.7: Vertical projection of a line image.

4.3.3 Line Image Finding

Once the noise is reduced and the text image is aligned to the horizontal axis,
the page is now divided into smaller processing units; text lines. These units
are implemented by training and recognition procedures. The line image does
not need any further segmentation either for words, characters or primitives.
Segmentation procedure is the most error generator in the segmentation—
based systems, especially for cursive scripts like Arabic text [7]. The proposed
system is segmentation—free; no segmentation at any level. Moreover, no
structural features are extracted from the line image such as: curves, dots or
loops.

Vertical and horizontal projection methods are used to find the four corner
points of the line image as described above. Once these four points are



45

Lt 2l o (3 bl gy ol JU dass yill (6, 1 ol B e O

Figure 4.8: The three different approaches of line finding procedure. a) The
line height =100 pixels. b) The line height =51 pixels. ¢) The line height
=60, where 60 is the normal value (the mean of all the line images height ).

determined, the line image can be cropped from the text image. At the end
of this step, each text image in the data corpus is transfered into a set of line
images.

Because of different font types and different font sizes, the line height
varies from one line image to another. To overcome this critical problem, we
suggest three approaches:

1. The line image height is fixed at a certain value (i.e., 100 pixels) for
all line images. The line image is cropped at this height whatever the
text font type or size (Figure 4.8 (a)). Really, this approach has a
problem because the line image height is independent on the font type
and size. When a large font size is used, some of the font data will not
be included inside the line image. Also, if the font size is very small, a
lot of processing time will be wasted to process an image without data.
For these reasons, this approach was not included in our research.

2. Un-normalized approach: each line image has its own height value. The
line image has exactly the same height of the text line that depends on
the font size and type (Figure 4.8 (b)). In this approach, the line image
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height is taken as the difference between the upper and lower edges in
the line image horizontal projection.

3. Normalized approach: the line image height is resized to fit the normal
height value for all line images in the data corpus (Figure 4.8 (c)). The
mean value of all line image heights in the data corpus is chosen to be
the new height of all line images. Each line image is then resized to
fit this height value. If the old line image height is greater than the
normal height, then the image is zoomed in and vice versa.

The performance analysis of the last two approaches will be discussed in
more details in the next chapter.

4.4 Feature Vector Extraction

In order to use a stochastic procedure such as HMMs, the feature vectors
should be extracted as a function of an independent variable. In speech
recognition, the feature vectors are extracted from speech signal using the
time as an independent variable. The time is also applied as an independent
variable in the on—line handwritten recognition systems.

The off-line OCR systems faced the dimensionality problem of the text
image. In the system implemented here, the line image is selected as the
processing unit, so the text pages will be processed line by line. The hor-
izontal position at the line image is selected as the independent variable.
The features are extracted from line image using a narrow vertical window
called frame. This frame slides over the line image from right to left and
at each horizontal position, the features are computed to generate feature
vectors [22]. The frame width (see Figure 4.9) has an important effect in the
output of the recognition system as we will see in the next chapter. Each
frame is then divided into a number of cells as shown in Figure 4.9 also. The
number of cells per frame is also a system parameter.

As mentioned in section 2.3.4, there are two types of feature vector ex-
tractions: structural features and statistical features. Here, statistical fea-
tures are extracted from each line image. These types of features are easy
to compute, and they take a short processing time compared to structural
features [36]. The statistical features extracted in this report are as follows:

1. Intensity: the sum of black pixels (1’s) in the cell under processing.
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2. Intensity of horizontal derivative.
3. Intensity of vertical derivative.

The above three feature methods don’t require any partial feature segmen-
tation such as: primitives, curves or dots. The intensity feature method rep-
resents the line image while the horizontal /vertical derivative feature meth-
ods generate more information from the line edges in x—direction/y—direction.
These features also support the independence assumption of the HMMs sta-
tistical classification method. When the feature vectors are built using one
feature, the probability of dependency between feature vectors is high. In
contrast, when the feature vectors are built by stacking three features, as
implemented here, the resulting feature vectors are more independent.

The line image is already converted into a bilevel image (0&1) in the
previous stages. The intensity feature (see Figure 2.10) sums up the 1’s in
the cell under processing. For example, if the cell of size 3 x 3 is used, then
the intensity feature value is the number of 1’s in the cell and the output will
range between 0 and 9.

At intensity of horizontal and vertical derivative features, the Sobel method [48]
is applied to each cell to detect the edge in the horizontal and vertical di-
rections, respectively, see Figure 4.10. The Sobel operator performs a 2-D
gradient magnitude at each point in the binary image. The Sobel edge uses
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Figure 4.10: The horizontal and vertical derivatives using Sobel edge detec-
tion method.

two 3 x 3 masks, one estimates the edge in x—direction, columns, and the
other estimates the edge in y—direction, rows. These two Sobel masks are
shown in Figure 4.11.

The mask slides over the line image and changes the pixel’s values and
then shifts one pixel to the right and continues to the right until it reaches
the end of the line image. It then starts at the beginning of the next row.

Once the derivative method is applied to the line image, the intensity
feature is applied again on the resulting line image to generate the sub—

-1 0 | +1 +1 | +2 | +1

21 0 | +2 0O|0|O

-1 0 | +1 12| -1
X - axis Y - axis

Figure 4.11: Two Sobel masks.
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feature vectors. The overall feature vector is built by stacking the three
sub—feature vectors as shown in Figure 4.12(b).

4.5 From Two—dimensional to One—dimensional

Up to now, the feature vectors have been extracted by using the horizon-
tal position at the line image as an independent variable. In literature, the
researchers in [22] built an English and Arabic OCR system using what is
known in speech recognition as tied-mixture Gaussian structure [23]. They
used the training and recognition algorithms of the BYBLOS? speech recog-
nition system [24, 42]. At the recognition stage, they used the multi—pass
search algorithm [41] instead of using Viterbi algorithm.

The system presented in this report uses a discrete HMM for each Arabic
character. The hidden Markov Model Toolkit (HTK) [54] is used to imple-
ment this system. HTK is primarily used for speech recognition systems. To
the best of our knowledge, the Arabic OCR system implemented here is the
first Arabic OCR system built using HTK. In order to use HTK, the OCR
feature vectors can’t be generated from the line images inside the toolkit. The
Matlab software (version 6) is used to generate the feature vectors, described
in section 4.4, which are passed to HTK.

It should be noted that all HTK binary data files are written using big—
endian representation while the feature vector files are using IBM PC ma-
chine, which use little—endian representation [54].

Big-endian and little-endian are terms that describe the order in which
a sequence of bytes are stored in computer memory. Big-endian is an order
in which the“big end” (most significant value in the sequence) is stored first
(at the lowest storage address). Little-endian is an order in which the “little
end” (least significant value in the sequence) is stored first. For example, in
a big-endian computer, the two bytes required for the hexadecimal number
4C5F would be stored as 4C5F in storage (if 4C is stored at storage address
1000, for example, 5F will be at address 1001). In a little-endian system, it
would be stored as 5FAC (5F at address 1000, 4C at 1001).

To solve this problem, all feature vector files are transformed into a big—
endian representation. This allows applying all HTK tools to the feature
vectors.

2http://www.bbn.com/speech /byblos.html
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Figure 4.12: (a) An Arabic line image. (b) Feature vector extraction using
three feature vector methods. The feature vector is built by stacking the
output of the three feature methods. (c) Vector quantization is applied to
map the feature vectors into discrete symbols. (d) The feature vectors are
transferred to a sequence of codebook symbols. (e) The resulting symbols
can be used either in the training procedure coupled with ground truth or in
recognition procedures to output the recognized characters.
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The OCR system built here uses a discrete HMM for each character, so
the feature vectors must be represented as a sequence of observations, see
Figure 4.12-d.

Vector quantization, described in section 3.2 is applied to map input vec-
tors into discrete symbols. A vector quantizer depends on the codebook that
defines a set of partitions of the vector space. Each partition is represented
by the mean value of the input vectors belonging to that partition. Each
incoming vector is then matched with each partition and assigned to the in-
dex corresponding to the partition that is closest using Euclidean distance
measure, described in section 3.2.

In HTK, the vector quantization codebook is built using K-mean clus-
tering algorithm [54]. All training vectors are initially placed in one cluster
and the mean vector is calculated. The mean is then split into two means
and the training vectors are partitioned according to which mean is nearest
to them. The mean is then re—calculated and the data is repartitioned. At
each iteration, the total distortion, i.e. the total distance between the cluster
member and the mean, is calculated and repartitioning continues until there
is no significant reduction in distortion. The whole process then repeats by
splitting the mean of the cluster with the highest distortion until the required
number of clusters have been found.

Once the codebook has been built, vector quantization is performed by
scanning all codebook entries and finding the nearest entry by calculating
the distance using Fuclidean distance measure again.

At the end of this procedure, the sequence of feature vectors is now rep-
resented by a sequence of discrete symbols. This discrete symbol sequence is
ready either for training or recognition procedures, see Figure 4.12—.

In this thesis, different codebook sizes are examined such as 8, 16, 32, 64
and 128. The results of these experiments are shown in the next chapter.

4.6 HMM Structure

In this thesis, each Arabic character, number or punctation mark is repre-
sented by a distinct left—to-right HMM, see Figure 4.13. The total number of
HMMs is 59 HMMs. Different shapes of an Arabic character are represented
by the same character model.

To build a single HMM, there are important informations needed such
as:



52

Figure 4.13: HMM left-to-right model with seven states.

e Number of states: there is no mathematical way to define the best
number of states/HMM. The only way is to try different number of
states per each HMM. For simplicity, we used the same number of
states/HMM for all character models. Each label in the data corpus is
represented by a single left—to-right HMM model with the same number
of states/model.

e Discrete probabilities for each emitting state: each state j in a discrete
HMM has an associated observation probability distribution b;(o,) that
determines the probability of generating an observation o, at the posi-
tion x in the line image:

bj(0z) = Fj[v(0s)] (4.1)

where v(0,) is the output of the vector quantizer given the input vector
o, and Pj[v] is the probability of state j generating symbol v. The
output distribution consists of a table giving the probability of each
possible observation symbol at each state. Each symbol is identified by
a codebook index in the range 1 to M.

e Transition matriz: each pair of states ¢ and j has an associated tran-
sition probabilities a;;. As mentioned in section 3.3.7, if there is a link
between two states it will be represented by a non-zero value in the
transition matrix.

Context—Independent Mono—HMMs

Context—independent models means that each character in the data corpus
is represented by a single HMM, where each character model is isolated (in-
dependent) from preceding and following character models. As shown in
Figure 4.14 (b), each Arabic character in the line in Figure 4.14(a) is rep-
resented in the system by a single HMM. This type of model has several
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Figure 4.14: Mono and tri-HMMs. (a) Arabic line. (b) The corresponding
HMM mono models of the line in (a). (c¢) The tri-HMMSs of the line in (a).
(“$” represents the line start and end models, “—” sign denotes the left HHM
model and “+” sign denotes the right HMM model)

advantages; firstly, it is easy to train these models where the total number of
HMMs in the system is small (equal to 59 HMMs) and secondly, the labeling
procedure is simple and straightforward.

Context—Dependent Tri-HMMs

Unlike context—independent, in context—dependent systems each HMM model
represents an Arabic character with its preceding (right) and following (left)
character models. As shown in Figure 4.14(c), each three characters in the
Arabic line is represented by a single HMM model. This kind of models is
called tri-HMMSs. It includes also di-HMMs which have only two characters:
one is the root and the other one is the preceding or the following character.
di-HMMs occur after the line start model and before the line end model (see
Figure 4.14(c)).

When tri-HMMs are used, the number of HMMs increases from 59 to
9393 models. In this case, some tri-HMMs occur only once or twice in the
training procedure, so a very poor estimate for the system parameters will
be obtained.

To solve this problem, tied states tri-HMMs [50] are implemented to im-
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prove the estimation procedure. Tying means that one or more HMMs share
the same transition matrix. Before tying, each tri-model has its own in-
dividual transition matrix but when the tri-HMMSs are tied, all tri-HMMs
and di-HMMs with the same root will share the same transition matrix.
For example, the following models: “a-b+c”,“s-b+1” and “b+a” will be tied
together to share the same transition matrix, because all HMMs have the
same root “b”. The only difference between tied states tri-HMMs is that
each tri-HMMs has its own discrete probability for each emitting state. The
number of states and the transition matrix probabilities are the same for all
tied tri-HMMs.

The training and recognition procedures will not be changed in both kinds
of HMMs. In addition to the change in the structure of HMMs, the labeling
procedure also must be changed to generate a tri-model labels as shown in
Figure 4.14(c).

4.7 Training Procedure

Defining the structure of HMMs is the first step towards building the recog-
nizer. The second step is to estimate the parameters of the HMMs from
examples of the data sequences. This process is called training procedure.

Training procedure initializes the transition probabilities and the discrete
output distributions. This is done in three steps: first, the training examples
are uniformally segmented. Each segment counts the number of occurences of
each symbol. These counts are normalized to provide the output distribution
of each state. The Viterbi algorithm, section 3.3.5, is applied to re-segment
the data and recompute the parameters. The basic principle of this step
depends on the concept that an HMM generates the observations. Every
training example is viewed as the output of the HMM whose parameters has
to be estimated.

The second step of the training procedure is to use Baum-Welch re—
estimation algorithm, section 3.3.6, in place of Viterbi training to find the
probability of being in each state at each time ¢ using the Forward-Backward
algorithm. The Viterbi algorithm makes a hard decision; the training vector
was generated by which state. Baum—Welch re-estimation algorithm takes a
soft decision; the probability of being in each state at each time [54].

The previous two steps are applied to HMM. This HMM will be used in
the last step as a seed for all character HMMs. In the last step, each line
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Figure 4.16: Recognition network hierarchy

image is trained with the associated label file which gives the transcriptions in
this line. The associated transcription constructs a composite HMM, which
covers all the models in the line. The Forward-Backward algorithm is then
applied and new parameter estimates is computed and new updated HMM set
is outputted. Figure 4.15 shows the training procedure steps. The first two
steps terminate when the number of iterations (V) exceeds 20 iterations or
the difference between the likelihood of the old model (A) and the likelihood
of the estimated model (\') is less than or equal to 0.0001 (A — X" < 0.0001).
The last step is repeated five times to tune the parameters of all character
HMMs.

4.8 Recognition Procedure

Once the OCR system is built and tuned with training examples, it can be
used to decode unknown feature vectors to the corresponding Arabic charac-
ters. The recognition network includes a set of nodes which are connected by
arcs. Each node is represented by a HMM which is itself a network of states
connected by arcs. This network hierarchy is illustrated in Figure 4.16.

The output of the recognition system is a sequence of Arabic characters.
The system is lexicon—free where the set of characters between two consecu-
tive spaces is represented by an Arabic word without searching in any lexicon.
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This level is chosen because of the following reasons:

e The system can recognize any Arabic word while if the dictionary is
used, some Arabic words not belonging to the dictionary may occur.
This problem is named in speech recognition: Out of Vocabulary prob-
lem (OOV). At the HMM models level, this problem will not appear
because any Arabic word consists of a limited set of Arabic characters.
These characters are represented by a set of HMMs.

e The processing unit in our OCR system is the line image. Each line
image consists of a limited set of Arabic characters which is represented
by a set of HMMs.

To recognize an input line image, the line image is transferred into a
sequence of observations. If the number of observations in the line image
is T observations, then every path from the start node to the end node in
the recognition network which passes through exactly 7" HMM states may
represent the target line. These paths have a probability which is computed
by summing the probabilities of each state generating the corresponding ob-
servation and the probability of the transition from one HMM model to
another. The probability of states is determined from the HMM parameters
and the probabilities between HMMs are determined by the language model
likelihoods.

The recognizer has to find those paths through the network which have the
highest probability. These paths are found using a Token Pass Algorithm [54].
This algorithm works as follows:

e At horizontal position 0 in the line image, a token is placed in the start
of every HMM model in the network.

e At each horizontal position step, propagate the token along connecting
transitions and stop at an emitting HMM state. If there is more than
one exit from the node, copy a new token for every path.

e Increment the probability of each token by a;; +b;(O,), where a;; is the
transition probability from state i to state j, and b;(0,) is the discrete
probability of observation O, in state j.

e At the end of each transition step, all tokens are discarded except the
token with the highest probability.
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e Fach token that passes through the recognition network must save a
history recording its route.

When the token comes to the last transition, the route of the token with the
highest probability is the output of the recognizer.

4.9 Language Models

As mentioned in section 4.8, the transition probability from one HMM to
another is determined by the n—gram language models. An n—gram language
model is used to predict each model in the sequence given its n — 1 predeces-
sors. When n = 2, the language model is called a bigram language model. A
full description of language models will be presented in Chapter 6.

4.10 Summary

In this chapter, we presented the stages of building the Arabic OCR system
implemented in this thesis. We showed how the data corpus was implemented
and we gave a short brief on the Arabic fonts that are used in the corpus.
Then we presented the preprocessing methods that are applied to enhance
the text images.

We presented two important line image finding approaches: un-normalized
and normalized approaches. We described these approaches and we illus-
trated the difference between them.

We described also the statistical feature methods that are extracted from
the line images and the structure of the character HMM.

Finally, we described the two main procedures in the system: training
procedure and recognition procedure. We presented the algorithms that are
used in each procedure.



Chapter 5

SYSTEM PERFORMANCE ANALYSIS

5.1 Introduction

This chapter evaluates the performance of the Arabic character recognition
system presented in the previous chapter. In this chapter, two different
approaches for line finding are applied: un—normalized and normalized. The
un-normalized approach cropped the line image at its delimiters. The line
image height varying from one line to another depends on the font size and
type. The normalized approach eliminates this dependency on the font size
and type by using a fixed line image height for all line images in data corpus.
This new line image height is the normal value of all line image heights in the
data corpus. The system performance during the implementation of these
two approaches are assessed in this chapter. Moreover, the performance of
the system to each Arabic font in the data corpus, codebook size, HMM
type, number of states/HMM and different training and testing sets are also
assessed.

5.2 Un—normalized Approach

The last step in the preprocessing stage is finding the line image. The hor-
izontal and vertical projection methods are applied to determine the line
image delimiters. Once the line image corner points are determined, the line
image can be cropped easily from the text image. In this research, the line
image is the processing unit for training and recognition without any further
segmentation into words, characters or primitives.

99
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At this point the research has two approaches: un—normalized and nor-
malized. Each line image in the un—normalized approach has its own real
height. The Arabic characters hold their real structure at any line image
in the data corpus because there is no zooming in or out to change the line
image height as done in the normalized approach.

To generate feature vectors from the line image, the horizontal position at
the line image is used as the independent variable. The line image is scanned
from right to left with a narrow vertical window named “frame” as shown
in Figure 4.9. The frame width has an important effect in the recognition
system because if a small frame width is used then more frames (data) will
be generated from the line image (see Figure 4.9). Each frame is divided
into a number of cells. The number of cells per frame has also an important
effect on the recognition system. The effect of these two parameters will
investigated in the following section.

5.2.1 Frame width v.s. Number of Cells/Frame

In order to extract features from the line image, the best combination of
the two parameters; frame width and number of cells per frame (Figure 4.9)
is needed. Here, the frame widths, [x/15], [x/20] and [z/25] are selected,
where = denotes the real line image height and [x/15] denotes the nearest
integer number greater than or equal to 2/15. For example, if the line image
height = 55 pixels, then the frame width is equal to [55/25] = 3pixels. The
above frame width values are selected around the values used in the previous
research such as [22] and [26]. We selected 15, 20 and 25 cells per frame. The
line image is padded by zeros if needed to fit this number of cells. The most
complicated Arabic font, Thuluth, is used for this experiment. The system
used to study this experiment has the following parameters: 8-states/HMM,
64 codebook size, bigram language model and mono-HMM. This system was
trained by 1500 line images and tested with 1000 line images. The testing
line images are different from the training line images. The training and
testing line image sets are the same for all experiments in this approach.
The results of this experiment is shown in Table 5.1. The variables H, D, S,
I and N occured in the previuos table were described in section 3.4.4.
From Table 5.1, the frame width = [2/25] and 20 cells per frame is
the best combination. It gives the best correction rate = 61.06%. The
correction rate (%Corr) and accuracy (%acc) are calculated as shown in
EQ. 3.29 and 3.31, respectively. These two parameter values will be used
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frame width | cells/frame H D S I %Acc | %Corr
x/15 15 8463 | 51940 | 4333 | 634 || 12.09 | 13.07
x/15 20 6895 | 54607 | 3234 | 559 9.79 | 10.65
x/15 25 3319 | 61305 | 112 1 5.13 5.13
x/20 15 11375 | 47555 | 5806 | 782 || 16.36 | 17.57
x/20 20 10118 | 49741 | 4877 | 576 || 14.74 | 15.63
x/20 25 19808 | 33937 | 10991 | 1276 || 28.63 | 30.6
x/25 15 35300 | 10889 | 18548 | 4194 || 48.05 | 54.53
x/25 20 39527 | 9366 | 15843 | 3671 || 55.39 | 61.06
x/25 25 32012 | 18000 | 14724 | 3407 || 44.19 | 49.45

Table 5.1: The system performance when different values of frame width and
number of cells per frame are used (N = 64736).

in the following experiments. From this experiment, we note that when the
frame width increases the system performance decreases. This is because the
use of high frame width leads to a low number of frames and hence low data
to HMM models.

5.2.2 Number of States/HMMs

Once the best combination of frame width and number of cells per frame is
selected using 8-states/HMMs, the next important parameter to detrmine
is the number of states/HMM. There is no mathematical way to find the
best number of states/HMM. The only way is to try many of the possible
number of states/HMM. In this experiment, different number of states/HMM
are tested, namely: 4, 5, 6, 7, 8, 9 and 10 states/HMM. For simplicity, all
HMMs have the same number of states. From Table 5.2, 6-states/HMM is
the best number of states/HMM. It gives the best correction rate = 61.34%.
This result are drawn in Figure 5.1. It shows that the peak at 6—states/HMM.

From this experiment, the drop in the system performance occurs when
the 9-states/HMM or more are used. This drop is because the training
procedure takes as input the sequence of codebook symbols coupled with the
line HMMs based on the ground truth (see Figure 4.12 (e)). In order to
complete the training procedure, the total number of states in the composite
HMDMs in the line image ground truth must be less than or equal to the
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number of input codebook symbols of the same line image. Actually, the
number of codebook symbols for any line is equal to the number of frames
extracted from the line image. When 9-states/HMM or more are used, the
total number of states in the line HMMs is greater than the total number of
symbols extracted from the line image. This leads to a poor estimation for
the character HMMs.
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Figure 5.1: The effect of number of states/HMMs. The best performance
occurs when 6-states/HMM are used.

H Number of states H H ‘ D ‘ S ‘ I ‘ N H %Acc ‘ %Corr H
4 32072 | 19113 | 13551 | 1058 | 64736 || 47.91 | 49.54
5 38327 | 10535 | 15874 | 3022 | 64736 || 54.54 | 59.21
6 39711 | 8032 | 16993 | 5361 | 64736 || 53.06 | 61.34
7 36878 | 9202 | 18656 | 5471 | 64736 || 48.52 | 56.97
8 39527 | 9366 | 15843 | 3671 | 64736 || 55.39 | 61.06
9 3243 | 60372 | 1121 5 64736 5 5.01
10 3517 | 61165 54 0 64736 || 5.43 5.43

Table 5.2: The system performance using different number of states/HMMs.
6-states/HMM gives the best correction rate.
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5.2.3 From Mono—HMMs to Tri-HMMs

Instead of using mono—-HMMs in the previous experiments, the tri-HMMs
described in section 4.6 are used here. When the tri-HMMs were used, the
number of HMM models jumped from 59 mono-HMMs to 9393 tri-HMMs.
This increase in the number of HMM models resulted in an increase in the
training and recognition processing time, it also resulted in an increase in
the space required to save these models.

When tri-HMMs are used, the models with the same root are tied to-
gether to share the same transition matrix. Each single tri-HMMs has its
own discrete probabilities, but it shares the same transition matrix with all
tri-HMMs or di-HMMs that have the same root.

This experiment uses Thuluth font with x/25 frame width, 20 cells per
frame , 6-states/HMM, 64 codebook size and bigram language models. Ta-
ble 5.3 and Figure 5.2 show the results of this experiment. The tri-HMMs
enhance the correction rate from 61.34% to 87.81%

From this experiment, it is clear that the context—dependent tri-HMMs
enhance the system performance. This is because tri-HMMs take into ac-
count the dependency between characters. All three consecutive Arabic char-
acters with the same middle character are tied together.

H HMM type H H ‘ D ‘ S ‘ I ‘ N H %Acc ‘ %Corr H
mono-HMMs || 39711 | 8032 | 16993 | 5361 | 64736 || 53.06 | 61.34
tri-HMMs 56845 | 3856 | 4035 | 794 | 64736 || 86.58 | 87.81

Table 5.3: The system performance when mono-HMMs and tri-HMMs are
used.

5.2.4 Different Font Types

In the previous experiments, Thuluth font was used in each experiment to
examine the system parameters. Thuluth is used because it is one of the
most complicated Arabic fonts. It has many overlaps and ligatures. The
parameters specified before are used to examine the remaining Arabic fonts
in the data corpus. These remaining fonts are Andalus, Traditional Arabic,
Simplified Arabic, Naskh and Tahoma. At each experiment, the system is
trained with 1500 line images from one font and tested with 1000 line images
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Figure 5.4: Histogram of line image height.

5.3 Normalized Approach

In the un—normalized approach, each line image has its own real height that
differs from the other line images. Figure 5.4 shows a histogram of all line im-
age heights in the data corpus. This figure shows that the line image heights
vary from around 35 pixels to 95 pixels. To eliminate the dependency on the
font size and type, we apply the normalized approach. This approach adds
a normalization operation after the line image finding procedure. This oper-
ation resizes all line image heights in the data corpus to match a predefined
line image height named normal height. The average of all line image heights
in the data corpus is used as the normal height. It is found that the average
line image heights ~ 60 pixels, so all line images are resized to match the
normal height as shown in Figure 5.5.

Once all the line image heights are normalized, the frame width parameter
becomes the same for all line images. The cell size is used to represent the
frame width and number of cells per frame (described in section 5.2.1). Each
cell has two dimensions: rowsxcolumns. The number of columns in the cell
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Figure 5.5: A line image before and after normalization procedure. (1) An-
dalus font. (2) Traditional Arabic font.(3) Thuluth font. (4) Tahoma font.
(5) Simplified Arabic font.

represents the frame width parameter and the number of cells per frame
is equal to 60 (normal height) divided by the number of rows in the cell.
For example, in the cell of size 3 x 4: the number of cells per frame = 60/
3 = 20 cells per frame, and frame width = 4 pixels. Figure 5.6 shows these
parameters on the line image.

The normalized approach will have the same parameter for all different
Arabic font sizes and types, so we studied this approach in more details. In
addition to the parameters that are tested in section 5.2, the effect of frame
(horizontal) overlap, cell (vertical) overlap and codebook size are also tested
below.

5.3.1 Cells of Different Size and Type

To study this approach, the first thing we need to find is the best cell size
that will give a good performance and consumes an acceptable processing
time.

Here, there are two type of cells: with and without overlap. The overlap
between cells is in the vertical direction while the overlap between frames is
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Figure 5.6: An example shows the relationship between the cell size and the
frame width and between the cell size and number of cell per frame.

in the horizontal direction. The overlap operation increases the number of
frames (i.e., data) generated from the line image. The disadvantage is that
it takes more time to generate the feature vectors.

Two different cell sizes, 3 x 3 and 5 x 5 cells, are tested here. The 3 x 3
cell acts as a small cell size and 5 x 5 cell acts as a large one. The different
combination of cell size and type that are used in this approach are as follows:

e 3 x 3 cell without any type of overlap (3 X 3 no ov.).

e 3 x 3 cell with one horizontal pixel overlap (3 x 3 1H ov.).
e 3 x 3 cell with two horizontal pixels overlap (3 x 3 2H ov.).
e 5 x 5 cell with two horizontal pixels overlap (5 x 5 2H ov.).

5 x 5 cell with two horizontal and vertical pixels overlap (5 x 5 2H2V
ov.).

In this experiment, two Arabic fonts are used: Thuluth (complicated) and
Tahoma (simple) fonts. These two fonts are selected to make sure that the
decisions taken from this experiment are true and stable. Table 5.6 and 5.7
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H cell type H H ‘ D ‘ S ‘ I ‘ N H %Acc ‘ %Corr H
3 X 3 no ov. 6160 | 2624 | 1955 | 858 | 10739 || 49.37 | 57.36
3 x 3 1H ov. 6886 | 1592 | 2261 | 415 | 10793 || 60.26 | 64.12
3 x 3 2H ov. 6917 | 1589 | 2233 | 478 | 10739 || 59.96 | 64.41
5 x5 2H ov. 6716 | 1907 | 2116 | 937 | 10739 || 53.81 | 62.54

5 x5 2H2V ov. || 6585 | 2118 | 2036 | 846 | 10739 || 53.44 | 61.32

Table 5.6: The performance of different cells using Thuluth font.

H cell type H H ‘ D ‘ S ‘ I ‘ N H %Acc ‘ %Corr H
3 X 3 no ov. 8886 | 722 | 1131 | 413 | 10739 || 78.90 | 82.75
3 x 3 1H ov. 8953 | 706 | 1080 | 353 | 10739 | 80.08 | 83.37
3 x 3 2H ov. 8925 | 585 | 1229 | 603 | 10739 || 77.49 | 83.11
5 x 5 2H ov. 8675 | 974 | 1090 | 306 | 10739 || 77.93 | 80.78

5 X 5 2H2V ov. || 8625 | 1027 | 1087 | 303 | 10739 || 77.49 | 80.31

Table 5.7: The performance of different cells using Tahoma font.

show the performance of each cell using Thuluth and Tahoma fonts, respec-
tively.

In order to decide what is the best cell kind (size and type), the processing
time is taken into account. The processing time for any OCR experiment is
defined as follows:

Processing time = preprocessing time + feature extraction time +

training time + recognition time. (5.1)

From experiments done in this research, feature extraction and recogni-
tion times are the most important times in the recognition system compared
to the other times, see Eq. 5.1. So, feature extraction time is measured in this
experiment and recognition time will be discussed in section 5.5 in this chap-
ter. Figure 5.7 shows the feature extraction time for Thuluth and Tahoma
fonts using different kind of cells described before. This time was measured
using a computer of speed 1.13GHz.

Now, the best cell kinds must be selected. It must have a good perfor-
mance and takes an acceptable processing time. By studing Figures 5.7 - 5.9



70

Thuluth
Tahoma

Figure 5.7: Feature extraction processing time using the same software code
with a computer of speed 1.13 GHz.
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Figure 5.8: Correction rate of different cell types (codebook size = 128).

and Tables 5.6 and 5.7, we come to the following conclusions.

e The 3 x 3 cell with no overlap has a bad performance, so it will be
ignored.

e The 3 x 3 cell with two horizontal pixels overlap consumes a very high
processing time, so it will be ignored also.

e The 5 x5 cell with two horizontal pixels overlap and 5 x 5 with two hor-
izontal and vertical overlap have approximately the same performance,
but the 5 x 5 cell with two horizontal and vertical pixels overlap takes
more processing time, so it will be ignored also.
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e Finally, the best two kinds of cells that have an acceptable processing
time and give a good performance are:

1. The 3 x 3 cell with one horizontal pixel overlap (3 x 3 1H ov.).
2. The 5 x 5 cell with two horizonal pixels overlap (5 x 5 2H ov.).

These two kinds of cells are the best when 128-codebook size are used.
The effect of codebook size with all the previous cell size will be tested in the
next section to make sure that this decision is right for all codebook sizes.

5.3.2 Cell Kinds v.s. Codebook Sizes

Before we go forward in this approach, there is an important parameter
that needs to be studied. This parameter is the codebook size. Once the
features are extracted from the line image using the horizontal position as an
independent variable, the K-means clustering algorithm is used to convert
the two dimensional vectors into one dimensional vector by mapping each
input feature vector to the nearest cluster by using the Euclidean distance
measure.

In this experiment, Tahoma and Thuluth fonts are used to test the code-
book size parameter. For each font, a codebook of size 8, 16, 32, 64 and
128 is built for each cell kind. The total number of codebooks built in this
experiment is equal to 50 codebooks. The results of Thuluth font are shown
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in Table 5.8 and in Figure 5.10. For Tahoma font, the results are shown in
Table 5.9 and in Figure 5.11.

We found that the two selected cells that were the best in the previous
section are the best for the different codebook sizes that we tested. It shows
also that the system performance increases when the codebook size increases.
This result is logical because when a codebook of large clusters is used then
the small difference between input vectors will change the corresponding
codebook cluster. But when a codebook of small clusters (size) is used, a set
of different feature vectors will be represented by the same codebook symbol.
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| CB size | cell size [overlap| H | D | S | T | %Acc| %Corr |
8 3 X3 - 694 | 9675 | 370 | 30 6.18 6.46
8 3 X3 1H 3100 | 5299 | 2340 | 240 || 26.63 | 28.87
8 3 X3 2H 3231 | 5020 | 2488 | 232 || 27.93 | 30.09
8 5 X b 2H 932 | 9367 | 440 | 46 8.25 8.68
8 5 X b 2H2V 841 | 9438 | 460 | 32 7.53 7.83
16 3x3 - 3225 | b885 | 1629 | 411 || 26.2 30.03
16 3x3 1H 5044 | 2981 | 2714 | 432 || 42.95 | 46.97
16 3x3 2H 4341 | 2754 | 3644 | 432 || 36.4 40.42
16 5 X b 2H 4407 | 4009 | 2323 | 697 || 34.55 | 41.04
16 5 X b 2H2V || 4647 | 3813 | 2279 | 630 || 37.41 | 43.27
32 3x3 - 4005 | 4805 | 1929 | 619 || 31.53 | 37.29
32 3 X3 1H 5391 | 2515 | 2833 | 339 || 47.04 | 50.2
32 3 X3 2H 5372 | 2495 | 2872 | 350 || 46.76 | 50.02
32 5 X b 2H 4799 | 3684 | 2256 | 607 || 39.04 | 44.69
32 5 X b 2H2V || 5318 | 2810 | 2611 | 737 || 42.66 | 49.52
64 3 X3 - 6687 | 1611 | 2441 | 630 || 56.40 | 62.27
64 3x3 1H 6223 | 1916 | 2600 | 320 || 54.97 | 57.95
64 3x3 2H 5966 | 1616 | 3157 | 621 || 49.77 | 55.55
64 95X b 2H 6394 | 2036 | 2309 | 737 || 52.68 | 59.54
64 95X b 2H2V || 6146 | 2360 | 2233 | 805 || 49.73 | 57.23
128 3x3 - 6160 | 2624 | 1955 | 858 || 49.37 | 57.36
128 3x3 1H 6886 | 1592 | 2261 | 415 || 60.26 | 64.12
128 3 X3 2H 6917 | 1589 | 2233 | 478 || 59.96 | 64.41
128 5Xb 2H 6716 | 1907 | 2116 | 937 || 53.81 | 62.54
128 5Xb 2H2V || 6585 | 2118 | 2036 | 846 || 53.44 | 61.32

Table 5.8: Cell size versus codebook size using Thuluth font (N = 10739).
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| CB size | cell size [overlap| H | D | S | T [ %Acc]| %Corr |
8 3 X3 - 3111 | 6313 | 1315 | 187 || 27.23 | 28.97
8 3 X3 1H 5309 | 2434 | 2996 | 311 || 46.54 | 49.44
8 3 X3 2H 5404 | 1820 | 3515 | 587 || 44.86 | 50.32
8 5 X b 2H 3376 | 5789 | 1574 | 234 || 29.26 | 31.44
8 95X b 2H2V || 5814 | 2170 | 2755 | 502 || 49.46 | 54.14
16 3x3 - 4895 | 4039 | 1805 | 349 || 42.33 | 45.58
16 3x3 1H 6469 | 1822 | 2421 | 324 || 57.47 | 60.49
16 3x3 2H 5406 | 1339 | 3994 | 1738 || 34.16 | 50.34
16 95X Db 2H 6247 | 2351 | 2141 | 456 || 53.92 | 58.17
16 5Xb 2H2V | 6653 | 1513 | 2573 | 532 || 57.00 | 61.95
32 3 x 3 ~ [ 7960 | 775 | 2004 | 544 || 69.06 | 74.12
32 3 X3 1H 7775 | 1110 | 1854 | 361 || 69.04 | 72.40
32 3 X3 2H 7290 | 1341 | 2108 | 374 | 64.40 | 67.88
32 5Xb 2H 7797 | 962 | 1980 | 421 || 68.68 | 72.60
32 95X Db 2H2V || 7636 | 822 | 2281 | 472 || 66.71 | 71.11
64 3 X3 - 8542 | 617 | 1580 | 479 || 75.08 | 79.54
64 3 %3 1H 8256 | 946 | 1537 | 247 || 74.58 | 76.88
64 3x3 2H 8272 | T45 | 1722 | 599 || 71.45 | 77.03
64 95X b 2H 8666 | 578 | 1495 | 534 || 75.72 | 80.70
64 95X b 2H2V || 7636 | 822 | 2281 | 472 || 66.71 | 71.11
128 3x3 - 8886 | 722 | 1131 | 413 || 78.90 | 82.75
128 3x3 1H 8953 | 706 | 1080 | 353 || 80.08 | 83.37
128 3 X3 2H 8925 | 585 | 1229 | 603 || 77.49 | &83.11
128 5Xb 2H 8675 | 974 | 1090 | 306 | 77.93 | 80.78
128 5Xb 2H2V | 8625 | 1027 | 1087 | 303 || 77.49 | 80.31

Table 5.9: Cell size versus codebook size using Tahoma font (N = 10739).
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Figure 5.11: The performance of different kind of cells using Tahoma font.
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| CBsize [statess/HMM | H | D [ S | I | N [ %Acc]| %Corr |

16 6 0044 | 2981 | 2714 | 432 | 10739 || 42.95 | 46.97
16 8 5353 | 1976 | 3410 | 691 | 10739 || 43.41 | 49.85
16 10 1924 | 7251 | 1564 | 230 | 10739 || 15.77 | 17.92
16 12 472 110267 | 0O 0 | 10739 | 44 4.4

16 14 486 | 10253 | O 0 | 10739 | 4.53 4.53
128 6 6886 | 1592 | 2261 | 415 | 10793 || 60.26 | 64.12
128 8 7630 | 1145 | 1964 | 529 | 10739 || 66.12 | 71.05
128 10 3227 | 5652 | 1860 | 391 | 10739 || 26.41 | 30.05
128 12 472 | 10267 | O 0 | 10739 | 4.4 4.4

128 14 486 | 10253 | O 0 | 10739 | 4.53 4.53

Table 5.10: The effect of number of states/HMM on the 3 x 3 cell with one
horizontal pixel overlap (3 x 3 1H ov.)

5.3.3 Number of States/HMM

From the results reported in section 5.3.1, the 3 x 3 cell with one horizontal
pixel overlap and 5 x 5 cell with two horizontal pixels overlap are the best
kind of cells for this system. In the previous experiments in this approach,
6-states/HMM are used. There is no mathematical way to define the best
number of states/HMM. The only way is to try many possible number of
states/HMM. For simplicity, in this experiment all character HMMs have
the same number of states.

The system with 8-states/HMM is the best choice for 3 x 3 cell with
one horizontal pixel overlap. Table 5.10 shows that the best performance for
the 3 x 3 cell with one horizontal pixel overlap occurs when 8-states/HMM
are used. This experiment is applied using two codebooks of sizes 16 and
128. It also shows that the performance decreases sharply when 9 or more
states/HMM are used as shown in Figure 5.12. This result has the same
explaination that we gave in section 5.2.2.

In 5 x 5 cell with two horizontal pixels overlap, the 5-states/HMM is the
best choice as shown in Table 5.11. The performance decreases when more
than 8-states/model are used as shown in Figure 5.13.
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Figure 5.12: Correction rates versus number of states/HMM using the 3 x 3
cell with one horizontal pixel overlap (3 x 3 1H ov.).

[statess/HMM | H | D | S | T | N [ %Acc]|%Cor |

4 8559 | 1037 | 1143 | 306 | 10739 || 76.85 | 79.70
) 9021 | 641 | 1077 | 260 | 10739 || 81.58 | 84.00
6 8675 | 974 | 1090 | 306 | 10739 || 77.93 | 80.78
7 8013 | 1549 | 1177 | 370 | 10739 || 71.17 | 74.62
8 8882 | 780 | 1077 | 529 | 10739 || 77.78 | 82.71
9 1879 | 8127 | 733 | 111 | 10739 || 16.46 | 17.50
10 449 110290 | O 0 | 10739 | 4.18 4.18

Table 5.11: The effect of different number of states/HMM on the cell of type
5 x b with two horizontal overlap using Tahoma font.

5.3.4 Number of States/HMM v.s. Codebook size

The codebooks of size 128 are used in the above experiments. But there is
an important question: Is the number of states that are selected in the above
experiments is still the best when the codebook size is changed?

To answer this question, an experiment using two different codebooks size
16 and 128 is done. The 3 x 3 cell with two horizontal pixels overlap is used
in this experiment.

From Table 5.12 and Figure 5.14, 10-states/HMM is the best number
of states/HMMs when codebooks of size 16 and 128 are used. This leads
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to an important remark that the best cell size depends on the number of
states/HMM and independent on the codebook size. For this reason, the 8-
states/HMM for 3x 3 cell with one horizontal pixel overlap and 5-states/HMM
for 5 x 5 cell with two horizontal pixels overlap will be the best choice what-
ever the codebook size.

From this experiment, we note that the system performance does not
decrease sharply when a high number of states/HMM is used. When 14—
states/HMM is used, the system gives an acceptable performance. This
is because when 3 x 3 cell with two horizontal pixels overlap is used, the
line images generate a lot of frames (data) during the feature extraction
procedure. These frames are then quantized using the codebook to generate
the sequence of codebook symbols. The training procedure accepts as input
this sequence of codebook symbols and the character HMMs. The character
HMDMs will be estimated very well because the data extracted from the line
images are greater than the total number of states in the composite character
HMMs. As mentioned in section 5.3.1, this increase in the frames generated
from the line image does not mean that the system performance is increased.
This leads to an important note that not all the overlap types increase the
recognition system.
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| CBsize [statess/HMM | H | D | S | T | N [ %Acc]| %Corr |

16 6 4341 | 2754 | 3644 | 432 | 10739 || 36.4 | 40.42
16 8 4340 | 1946 | 4453 | 1154 | 10739 || 29.67 | 40.41
16 10 0112 | 2234 | 3393 | 394 | 10739 || 43.93 | 47.6
16 12 4034 | 2489 | 4216 | 461 | 10739 || 33.27 | 37.56
16 14 4160 | 2125 | 4454 | 717 | 10739 || 32.06 | 38.74
128 6 6917 | 1589 | 2233 | 478 | 10739 || 59.96 | 64.41
128 8 6321 | 1516 | 2902 | 640 | 10739 || 52.9 | 58.86
128 10 7249 | 1250 | 2240 | 487 | 10739 || 62.97 | 67.5
128 12 6701 | 1410 | 2628 | 577 | 10739 || 57.03 | 62.4
128 14 6932 | 1249 | 2558 | 619 | 10739 || 58.79 | 64.55

Table 5.12: The effect of number of states/HMM model on the 3 x 3 cell with
two horizontal pixels overlap (3 x 3 2H ov.).
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Figure 5.14: Correction rates versus number of states/HMM model using
3 x 3 cell with two horizontal pixels overlap (3 x 3 2H ov.).

5.3.5 From Mono—HMMs to Tri-HMMs

In this experiment, the tri-HMMs (described in section 4.6) are used instead
of mono-HMMS. There are 9393 tri-HMMs in this system. All tri-HMMs
or di-HMMs with the same root will be tied together to share the same
transition matrix, but each tri-HMMSs has its own state discrete probabilities.

Table 5.13 shows the performance of all fonts in the data corpus using
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H Font ‘HMM Type H H ‘ D ‘ S ‘ | H %ACC‘%COI‘I‘ H

Thuluth mono 7630 | 1145 | 1964 | 529 | 66.12 | 71.05
Naskh mono 7777 | 1111 | 1851 | 484 || 67.91 | 72.42
Simplified mono 8352 | 786 | 1601 | 527 || 72.87 | T7.77
Traditional mono 8369 | 1081 | 1289 | 446 || 73.78 | 77.93
Tahoma mono 9034 | 747 | 958 | 371 || 80.67 | 84.12
Andalus mono 9530 | 550 | 659 | 226 || 86.64 | 88.74
Naskh tri 9242 | 473 | 1024 | 452 || 81.85 | 86.06
Thuluth tri 9410 | 371 | 958 | 439 || 83.54 | 87.62
Simplified tri 9449 | 338 | 952 | 549 || 82.88 | 87.99
Traditional tri 9611 | 422 | 706 | 423 || 85.56 | 89.50
Tahoma tri 9894 | 285 | 560 | 269 || 89.63 | 92.13
Andalus tri 9920 | 316 | 503 | 216 || 90.36 | 92.37

Table 5.13: The system performance when tri-HMMs are applied using 3 x 3
cell with one horizontal pixel overlap (N = 10739).

3 x 3 cell with one horizontal pixel overlap. The Tahoma and Andalus fonts
have the best performance (92.13% and 92.37%, respectively). In the other
side, Naskh and Thuluth have the lowest performance (86.06% and 87.62%,
respectively). The performance of all fonts are presented in Figure 5.15. The
performance of the 5 x 5 cell with two horizontal pixels overlap is shown in
Table 5.14 and Figure 5.16. From this experiment, we note that the context—
dependent tri-HMMs increase the system performance.

5.3.6 Multi—Fonts System

In all of the previous experiments, one Arabic font was used for each exper-
iment at a time. Some set of the font line images were used for training and
other set of line images from the same font were used for testing. In the
current experiment we use a multi—font system. A codebook of size 128 is
built using 6000 line images. Each Arabic character has only one HMM in
the system whatever the font type and the position of the character in the
word. The system is trained with these 6000 line images. These line images
are selected randomly (equally likely) from the data corpus. The probability
of selecting one line = 1/15000. The system uses tri-HMMs for each Arabic
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Figure 5.15: The performance of each font in the data corpus using mono

and tri-HMMs when 3 x 3 cell with one horizontal pixel overlap is used.

| Font |[HMMType] H | D [ S | I [ %Acc]|%Corr |
Thuluth mono 6573 | 2208 | 1958 | 397 || 57.51 | 61.21
Simplified mono 6846 | 2439 | 1454 | 223 || 61.67 | 63.75
Traditional mono 7524 | 1864 | 1351 | 330 || 66.99 | 70.06
Naskh mono 7543 | 1550 | 1646 | 478 || 65.79 | 70.24
Andalus mono 8337 | 1367 | 1035 | 305 || 74.79 | 77.63
Tahoma mono 9021 | 641 | 1077 | 260 || 81.58 | 84.00
Simplified tri 8916 | 501 | 1322 | 549 || 77.91 | 83.02
Thuluth tri 9231 | 439 | 1069 | 479 || 81.50 | 85.96
Naskh tri 9231 | 422 | 1086 | 377 || 82.45 | 85.96
Traditional tri 9522 | 416 | 801 | 556 || 83.49 | 88.67
Andalus tri 9701 | 350 | 688 | 384 || 86.76 | 90.33
Tahoma tri 9923 | 229 | 587 | 288 || 89.72 | 92.40

Table 5.14: The system performance when tri-HMMs are applied using 5 x 5
cell with two horizontal pixels overlap (N = 10739).

character and bigram language models between Arabic characters. The 5 x 5
cell with two horizontal pixels overlap is used to extract the features from
the line images.
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Figure 5.16: The performance of each font in the data corpus using mono
and tri-HMMs when 5 x 5 cell with two horizontal pixels overlap is used.

At the testing procedure, 100 line images are selected randomly from all
fonts in the data corpus. These lines did not occur in the training set. The
system gives a correction rate = 93.83% and accuracy = 92.11% as shown in
Table 5.15.

In another variation of this experiment, the multi—fonts system is tested
with a testing sets from only a single font type at a time. The Traditional font
gives the best performance (Corr= 95.47% and Acc = 94.63%) and Thuluth
font gives the lowest performance (Corr = 89.88% and Acc = 87.66%).

Table 5.15 shows the performance of all fonts in the data corpus. Another
interesting observation is that in the multi-fonts experiment we used 6000
lines for training compared with 800 lines in the previous experiments.

5.4 Different Training and Testing Sets.

In all the previous single font experiments in the normalized approach, the
systems are trained with 800 line images and tested with 200 line images
different from that used in training procedure. Here, we try different training
sets: 400, 800, 1200, 1600 and 2000 line images. The Tahoma font and 5 x 5
cell with two horizontal pixels overlap are used. Table 5.16 shows that the
performance of the system increases when the training sets are increased. The
high performance occurs when 2000 line images are used. It gives a correction



H Font Type H H ‘ D ‘ S ‘ I ‘ N H %ACC‘%COI‘I‘ H

Multi-Fonts || 6491 | 154 | 273 | 119 | 6918 || 92.11 | 93.83
Thuluth 1012 | 43 | 71 | 25 | 1126 || 87.66 | 89.88
Tahoma 1018 | 15 | 59 | 18 | 1092 || 91.58 | 93.22
Simplified | 1256 | 15 | 62 | 56 | 1333 || 90.02 | 94.22
Naskh 1067 | 33 | 26 | 3 | 1126 || 94.49 | 94.76
Andalus 1001 | 22 | 27 | 7 | 1030 | 94.67 | 95.33

Traditional || 1137 | 26 | 28 | 10 | 1191 || 94.63 | 95.47
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Table 5.15: The performance of multi—fonts system. The system is trained
by 6000 line images selected randomly from the data corpus.

H Training set ‘ HMM Type H H ‘ D ‘ S ‘ I H %Acc ‘ %Corr H
400 lines mono 8862 | 718 | 1159 | 337 || 79.38 | 82.52
800 lines mono 9021 | 641 | 1077 | 260 || 81.58 | 84.00
1200 lines mono 8994 | 679 | 1066 | 278 || 81.16 | 83.75
1600 lines mono 9007 | 665 | 1067 | 286 || 81.21 | 83.87
2000 lines mono 8112 | 1567 | 1060 | 264 || 73.08 | 75.54
400 lines tri 9705 | 277 | 757 | 316 || 87.43 | 90.37
800 lines tri 9923 | 229 | 587 | 288 | 89.72 | 92.40
1200 lines tri 10039 | 207 | 493 | 234 || 91.30 | 93.48
1600 lines tri 10083 | 200 | 456 | 194 || 92.08 | 93.89
2000 lines tri 10189 | 176 | 374 | 277 || 92.30 | 94.88

Table 5.16: Performance of different training sets using mono and tri-HMMs.

rate equal to 94.88% and an accuracy equal to 92.30%. The performance of
all training sets when tri-HMMs are used is shown also in Figure 5.17.

Another important issue is the testing sets. In all the previous experi-
ments, the testing sets has 200 line images different from that used in training
set. Here, we test different testing sets: 100, 200, 300, 400 and 500 line im-
ages. The 5 x 5 cell with two horizontal pixels overlap is used with 2000 line
images in the training set. The result is given in Table 5.17 and Figure 5.18.
From the result we conclude that the change in the testing sets does not affect
the system performance significantly.
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Figure 5.17: Performance of different training sets using tri-HMMs and 5 x 5
cell with two horizontal pixels overlap.

H Testing sets‘ H ‘ D ‘ S ‘ I ‘ N H %ACC‘%COI‘I‘ H

100 5207 | 82 | 200 | 154 | 5489 || 92.06 | 94.86
200 10189 | 176 | 374 | 277 | 10739 || 92.30 | 94.88
300 16073 | 315 | 644 | 460 | 17032 || 91.67 | 94.37
400 21797 | 408 | 828 | 613 | 23033 || 91.97 | 94.63
500 27467 | 495 | 994 | 766 | 28956 || 92.21 | 94.86

Table 5.17: The performance of the system using different testing sets.

5.5 N-best Tokens Recognition v.s. Recog-
nition Speed

In section 4.8, the recognition procedure uses token pass algorithm. This
algorithm discards all tokens at each state transition step except the token
with the highest probability. All the previous experiments were based on this
definition of the algorithm. Here, this algorithm is modified to enhance the
system performance. The modified token pass algorithm discards all tokens
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Figure 5.18: The performance using different testing sets.

at each transition step except N tokens with the highest probabilities (N—
best). The recognition time is also calculated in this experiment at each N
tokens. The recognition time is the time needed to complete the recognition
procedure explained in section 4.8. The system use Tahoma font, 5 x 5
cell with two horizontal pixels overlap, tri-HMMs and bi-gram language
model. The system performance improves when N tokens are increased but
the recognizer speed decreases from 2.1 characters/sec when N = 1 token to
0.17 character /sec when N = 20 tokens are used as shown in Table 5.18.

N-best | characters/sec | H | D | S | I N || %Acc | %Corr
1 2.1 1066 | 17 | 51 | 31 | 1134 || 91.27 | 94.00
10 0.63 1073 | 13 | 48 | 28 | 1134 || 92.15 | 94.62
20 0.17 1077 | 11 | 46 | 28 | 1134 || 92.50 | 94.97

Table 5.18: The effect of using N—best recognition tokens. The system per-
formance increases but the recognizer speed decreases.
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H Font Type H H ‘ D ‘ S ‘ I ‘ N H %Acc ‘ %Corr H
Multi-Fonts || 6553 | 132 | 233 | 99 | 6918 || 93.29 | 94.72
Thuluth 1030 | 37 | 59 | 20| 1126 || 89.7 91.47
Tahoma 1026 | 13 | 53 | 16 | 1092 || 92.49 | 93.96
Simplified 1260 | 14 | 59 | 51 | 1333 || 90.7 94.52
Naskh 1077 | 27 | 22 1 | 1126 | 95.56 | 95.65
Traditional || 1143 | 23 | 25 | 7 | 1191 || 95.38 | 95.97
Andalus 1017 | 18 | 15 | 4 | 1050 || 96.48 | 96.86

Table 5.19: The performance of multi—fonts system when ten tokens are used
at the recognition procedure.

The modified token pass algorithm is used also to enhance the perfor-
mance of multi—fonts system described in section 5.3.6. The previous multi—
fonts system was built using 6000 line images for training procedure and the
token pass algorithm uses only one token (N = 1). Here, the token pass
algorithm uses ten tokens (N = 10). At the end of any state transitions, all
tokens except the best ten tokens are discarded from the recognition network.
The system gives a correction rate = 94.72% and an accuracy = 93.29%. The
system is tested also by each font of the data corpus at a time. The Andalus
font gives the best performance (Corr= 96.86% and Acc= 96.48%) and Thu-
luth font gives the lowest performance (Corr= 91.47% and Acc= 89.7%).
The line images which were used in testing sets do not occur at training line
images. The performance of all fonts is shown in Table 5.19.

5.6 Post—Processing and Confusion Matrix

The closeness of match between characters can be found by a matrix called
“confusion matriz’. The confusion matrix presented in Figure 5.19 shows
how many times each character was represented correctly and how many
times each character was confused with the other characters. The characters
Ta’—Tha’, Ba' < Ya, Fa— Qaf, Ta’—Noon and Alif— Lam are the most
confused characters.

These characters are still confused when the testing sets increase. Fig-
ure 5.20 shows the confusion matrix when the testing set has 500 line images.
This matrix shows also the number of deletion and insertion errors that each
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character makes.

The previous confused characters have the same structure except they
differ only by one dot. This is one of the challenge that faced any Arabic
OCR system.

As mentioned in the recognition procedure (section 4.8), the output of
the recognizer is a sequence of Arabic characters. Each set of Arabic charac-
ters between two consecutive spaces represents an Arabic word. The use of
very simple labeling procedure leads to a very simple post—processing proce-
dure. Each output label of the recognizer system is represented by the two
hexadecimal numbers in the Windows codepage (see Figure 4.4). Figure 5.21
gives the reference text (original text) and the outputs when mono-HMMs
are used with Tahoma font. The correction rate of this system is equal to
75%. Tt is clear that the output text of this system is not readable. In
Figure 5.22 is the output of the recognizer when tri-HMMs are used. The
correction rate of this system equal to 95%. The output of the system is
readable and if the a Microsoft Word spellchecker is used then the system
output will be enhanced. In [43], the researchers report that the spellchecker
increases the system performance from 92% to 99%.
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Figure 5.19: A confusion matrix. The testing set has 200 line images.

5.7 Summary

In this chapter, we presented two line image finding approaches: un—normalized
and normalized. In the un—normalized approach, we examined different com-
binations of frame width and number of cells per frame to find the best selec-
tion. We tested the number of states/HMM in addition to tri-HMMs. This
approach depends on the font size and type, so the normalized approach was
tested.

In the normalized approach, the line image heights are normalized to
eliminate the dependency on font size and type. Many experiments are done
in this approach such as selecting the best cell size, the codebook size effect,
the best number of states/HMM, tri-HMMs, different training and testing
sets and N—best recognition experiments.

Finally, a confusion matrix was presented to show the confused Arabic
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Figure 5.20: The confusion matrix when testing set has

500 line images.

characters in addition to a real system output using mono and tri-HMMs.



oslae el (58 aS i WS ol Sy el 018 (b (sl 3Ll Clwl

o=l aipi pacy o)SLmlJ aanxoll ooVl als wlowVl 0id (og @SLonll

U.lgz.aunugg_uu b)uyha”@ulgO»u\”J.ﬁunLﬂwhoﬂ

olowl oo .JJ.ng Sial=xiVlg aclsslly wluol,l 85le avlss slgall yas

aSeludl whslell pass dUiSe &Vl JSLinall w20l 048 (89 ool I Ul
wle wdeil] wls sl Las gog i 89 )>LAJI bla,wVls S3boll pgill (o

Ly gagy ol alll Jlus sills alSLiwll 0in

! &oasoll Xlg!

) : Q.IS.M.LA.” Jxo |

Olewl d aucloix| @50 dunsi ASine 9pd sl VI 83azi0 Wi csowl, Al Ul

- Jayall goszoll gl Jsiodl ol @ a0l gl 3ol (Blew Lo olio 8,038

H M')-LH ).>L.J| \_9)213

ol o> ol adic GlowV cawball Jpazxadl (8 Laiw o wlzs ol 56wl

- wgioll slell ool Vs Juazill s passis Cxy dllesl

. . DGzl Qodl - o

oo @l Lazg 13 cosewlall Wl alSlie o pdledl Joadl o S oS

aclhiwVl ;18 acgingalls @8l (sle Troieo lisy alSiivell 048 Cw S)g,all

. g Jol=dl pass slwY @glxo (59 g

i »auwlyall odgy plsll pac e oldl pasidl Sae - g

ol S bl alSiine Slhniwl (s Bgw awliall 03py pldll pac vl

slasll (58 Laclus ol Jolgell yasy az ol Liswlys (08 Lol 13 . Lpisly;

t el Vl 038 (s lparass of @lSiinedl 0ia sle

abilell oMSLawll lpb] pacy apiliuV oLVl V] Ml gol sllol dgcs

(a) The reference text.

vl (8,8 & ine 0SS Ul Sou Ayl 038 59 Spwlyl Wl Gulww
>l

&l &igpi aico 8,S11a) dall Glogll ald LLwll is (o aSiiial

Q9.0 0 weSui bwlys ssliall Go Ly 5wVl 31 50 & Gulise)
Olewl (o JiSs 8,ulalVlg aclsally wluol,l 83lo duolsg slall Los
aSeudl Sloll Lo JiSg &Vl HSLiwall @l o5 58 Lsawlall 55l
ol sl wls,ll yb o9 00 39 3V byVlg 5 liedl Logill U

.0 92 ul &l Ul sallg &l 3

.82l Jg

. sl s -

uu' al aclwl q;y)z & m@p_cw 9 aSiwe LS);,me“ )>LJ

layzeoll gall sl Ldioll gl @w,anll of 3polilly ki b >Lm By
|Cl...m9|€u.ouLwyM|)|)...aJ| AL_S\BL)OSIMBIPLJQJI

bwgioll i lell Ggiwoll Ugs dpazll Al yased o adls

c ool aal -

o &l bizg 15 uawlyll 3Vl 8o o sodl Jaall (o ,uiS oSii

aelei WVl ;15 dycomgally @01l (sl lnnizo Ly @l iall 05 Caze 4l 0, uns)
lpJ Jslsdl pas) slwY dglxo (8 wllag

awl,ll adg plall pac oo 2l asill oic -

0l Syl 55Ul @S bl (Sram 1 Bgaw dwlysl i oball ;sac @
J2dl (8 bl «osdl solssdl (o 320 0l Gulys (58 Jols 1. Lgsly

- sl S o9 Lpaso ol aSLinall 030 (sle

aJle)l sl b 059 20dbY L6V V| LVI gl slgl 89c

(b) The recognized text using mono-HMMs with
5 x 5 cell with two horizontal overlap pixels.

91

Figure 5.21: The recognizer output using mono-HMMs. The correction rate

=75%
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Figure 5.22: The recognizer output using tri-HMMs. The correction rate

= 95%



Chapter 6

LANGUAGE MODELS

6.1 Introduction

A Language Model (LM) is built on the assumption that the occuring proba-
bility of unknown text can be estimated from the frequency of its occurrence
in some training text. This uses the training text, as an input, to provide the
probability of the character sequence. The LM does not need any scanning
operations, it only needs the language data text. In real applications such
as Arabic OCR systems, the use of finite training text is not sufficient to
generate a single LM which matches variations in test materials. For exam-
ple, a system that uses LM trained on sport text would be a good predictor
for sport subjects, but the same LM would be a poor predictor for islamic
or medical subjects. Our corpus was built using text from different type of
sources.

The LM built in this thesis works on the Arabic character level. An
n—gram language model is used to predict each symbol in the Arabic line
sequence using its n—1 predecessors. There are two major types of language
models: bi-gram and tri-gram language models. The following sections de-
scribe these two types in details.

6.2 Bi-gram Language Model
As mentioned in section 4.8, the probability between states is determined by

the estimation in the training procedure and the probability between charac-
ter models specified by the language models. Figure 6.1 is a real example of
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Figure 6.1: A recognized line. (a) Real line image (number of frames gen-
erated from line image= 132 frames). (b) The recognizer output shows the
language model probabilities between character models, N = 18, H = 13,
D =2 5 =3and I =0. Correction rate= 72.22% and accuracy= 72.22%,
sp denotes the space character. (c¢) The structure of shadow character model
in (b) shows the transition probabilities between visited states, only the black
states are visited.
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a recognized Arabic line using bi-gram language models. Bi—gram language
models, n = 2, predict symbols using only 1 predecessor.

If L is the number of distinct labels in the system, for each adjacent pair
of labels ¢ and j, N(i,7) is the number of times that label j follows label i
and N (i) is the number of times that label i appears, as shown below:

N(i) = ;N(i,j). (6.1)

The bi-gram probabilities are given by:

p(i. ) = {(N(i,j)—D)/N(i) if N (4,§)>0
where the variable b(i) defined to ensure that ZJL:1 p(i,7) = 1 and D is
the discount variable [34].

In all experiments performed before, the discount variable is fixed at 0.5.
When this value changes, a slight difference may occur in the performance of
the system. Table 6.1 shows the system performance using different values
of discount variable. This system uses: Tahoma font, mono—HMMSs, bi—gram
LM, 5 x 5 cell with two horizontal pixels overlap and codebook of size 128.

(6.2)

b(i)p(j) otherwise

H Discount ‘ H ‘ D ‘ S ‘ I ‘ N H %Acc ‘ %Corr H
0.2 9048 | 614 | 1077 | 252 | 10739 || 81.91 | 84.25
0.3 9049 | 616 | 1074 | 252 | 10739 || 81.92 | 84.26
0.4 9046 | 617 | 1076 | 253 | 10739 || 81.88 | 84.24
0.5 9045 | 617 | 1077 | 252 | 10739 || 81.88 | 84.23
0.6 9041 | 616 | 1082 | 253 | 10739 || 81.83 | 84.19
0.7 9042 | 616 | 1081 | 253 | 10739 || 81.84 | 84.20
0.8 9041 | 616 | 1082 | 252 | 10793 || 81.84 | 84.19

Table 6.1: The performance of the OCR system using different values of
discount variable.

6.3 Tri—gram Language Model

Tri-gram LM estimates the probability of an Arabic character given its two
Arabic predecessor characters. This probability is based on the ergodicity
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| Font [HMM|[LM| H [ D | S [ I | N [%Acc]| %Cor |
Tahoma | mono | bi | 9021 | 641 | 1077 | 260 | 10739 || 81.58 | 84.00
Tahoma | mono | tri | 9524 | 540 | 675 | 261 | 10739 || 86.26 | 88.69
Tahoma tri bi | 9923 | 229 | 587 | 288 | 10739 || 89.72 | 92.40
Tahoma tri tri | 9905 | 265 | 568 | 242 | 10739 || 89.99 | 92.24
Thuluth | mono | bi | 6573 | 2208 | 1958 | 397 | 10739 || 57.51 | 61.21
Thuluth | mono | tri | 8172 | 994 | 1573 | 439 | 10739 || 72.01 | 76.10
Thuluth tri bi | 9231 | 439 | 1069 | 479 | 10739 || 81.50 | 85.96
Thuluth tri tri | 9440 | 361 | 938 | 437 | 10739 || 83.83 | 87.90

Table 6.2: The performance of the OCR system using bi and tri-grams lan-
guage model.

assumption of the language while the probability of any character can be
estimated from a large enough language text independent of the starting
conditions. Estimating the probability of tri-gram LM is implemented by
counting the character sequences in some given training text:

O($i—2, Ti—1, 9Cz)
C(sz‘—Q, 901‘—1)

where C(.) is the count of a given character sequence in the training text.
Table 6.2 shows the system performance when tri-gram LM is used. It is
clear that the system performance increases when tri-gram LM is used.

P($i|$i—2> %‘—1) =

(6.3)

6.4 Summary

In this chapter, we presented the statistical language model at the charac-
ter level. We described the concept of language models and its different
types. There are two implemented types of LM: bi-gram and tri-gram lan-
guage models. Bi—gram language models provide the probability of Arabic
character given one predecessor, while tri—gram language models provide the
probability of Arabic character given two predecessors. The tri-gram LM
presented a better accuracy than bi—gram LM.



Chapter 7

CONCLUSION

This thesis addressed the problem of automatic reading of Arabic typewritten
script. Arabic script presents important challenges such as cursiveness and
the Arabic characters are context sensitive to their location within the word.
The segmentation of Arabic script into characters is a hard job and always is
a point of failure in the segmentation—based systems. This thesis proposed a
segmentation—free system to improve the recognition performance especially
when the Arabic words are not easily segmented.

The central model of the proposed system is the hidden Markov models.
Each character, with its different shapes and from different font types, was
represented by a distinct HMM. The system was built on Hidden Markov
Models Toolkit (HTK) which had been designed primarily for speech recog-
nition research.

The system presented in this thesis is the first Arabic OCR system built on
the HTK. The preprocessing and feature extraction were performed outside
the HTK while the training and recognition procedures were performed inside
HTK.

The implemented system is a lexicon—free system. It can handle unlim-
ited Arabic vocabularies since the system works on the character level. The
output of the recognizer is a sequence of characters and the set of characters
between two consecutive space characters represents an Arabic word.

In this system, a 600 pages data corpus was built using six Arabic fonts
Thuluth, Naskh, Tahoma, Simplified Arabic, Traditional Arabic and An-
dalus. These fonts are widely used in Arabic documents. Their complexity is
varying. Each font had 2500 line images in the data corpus. The preprocess-
ing procedure enhanced the text image by reducing the noise and aligned the
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text image to the horizontal axis. The line image was the system processing
unit for training and recognition, so the line images were obtained from the
text image using horizontal and vertical projections. This thesis implemented
two line image finding approaches: un—normalized and normalized.

In the un—normalized approach, the line image was processed as it is,
each line image had its own height which was different from other line image
heights. The normalized approach eliminated this dependency on font size
and type. The average value of all line image heights was calculated as the
normal height. All line images in the normalized approach had the same
height.

In order to use HMMs, the horizontal position at the line image was as-
sumed to be the independent variable to extract the statistical features. Each
line image was scanned from right—to—left with a narrow vertical window and
at each horizontal position, simple statistical features were computed from
pixels falling within that window. The extracted features were intensity,
intensity of horizontal derivative and intensity of vertical derivative. Each
feature method generated a sub—feature vector and the resulting feature vec-
tor was generated by stacking these three sub—feature vectors. The two—
dimensional feature vectors were transferred into one—dimensional sequence
of observations using the vector quantization method. VQ mapped each
input feature vector to the nearest cluster in the codebook. The resulting
sequence of observations was assumed to be totally independent.

This thesis discussed in detail the two line image finding approaches.
The un—normalized approach gave a better performance than the normalized
one. This result is logical because each Arabic character in un—normalized
approach saved its real structure at any line image in the same font. But in
the normalized approach, the line image might zoomed in or out to fit the
normal line image height. This slightly changed the character structures and
led to a little difference in the feature vectors extracted from the line image.

In the un—normalized approach, the frame of width [2/25] and 20 cells/frame
was the best combination to generate the feature vectors. The best number
of states/HMM is 6-states/HMM. The system performance jumped from
61.34% to 87.81% when the character HMMs are changed from mono-HMMs
to tied states tri-HMMs. The Tahoma font in this approach is the best Ara-
bic font in the data corpus; it gave a correction rate equal to 97.65%.0n the
other hand, Naskh and Thuluht fonts gave the lowest performance of 87.10%
and 87.81%, respectively. In this approach also, a multi—fonts system was
implemented where the system trained with a set of line images selected ran-
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domly from the data corpus and tested with another random set different
from the training set. This system gave a correction rate equal to 81.67%.

In the normalized approach, the cell of size 3 x 3 with one horizontal pix-
els overlap and the cell of size 5 x 5 with two horizontal pixels overlap were
selected as the best cell kinds for this approach. They consumed an accept-
able feature extraction processing time and presented a good performance.
The codebook size had an important effect on the system performance. The
codebook was generated once in the recognition system and it was used for
training and recognition procedures. When the codebook size increased; the
system performance also increased. The reason for this was that when fea-
ture vectors were slightly different and input to a large size codebook, each
feature vector was mapped to a different codebook cluster. While with a
small size codebook, those feature vectors were mapped to the same cluster
because there are insufficient codebook clusters available. This led to more
confusion between Arabic characters.

The tied states tri-HMMS also improved the system performance in this
approach. The correction rate jumped from 84.12% with mono-HMMs to
92.13% with tri-HMMs for Tahoma font. For Thuluth font, the performance
increased from 71.05% with mono-HMMs to 87.92% with tri-HMMs.

The multi—fonts system was built also in the normalized approach. The
system trained with 6000 line images selected randomly (equally likely) from
the data corpus. This system was tested with 100 line images selected ran-
domly from the data corpus. The line images in the testing set did not
occur in the training set. The system showed a correction rate = 93.83%
and accuracy = 92.11%. The system was tested also by a testing set from
each font type at a time. The Traditional Arabic font presented the best
correction rate = 95.47% and Thuluth font presented the lowest correction
rate = 89.88%.

The training and testing sets were tested also in this thesis. The system
performance increased when it was trained with more data. In contrast,
increasing the testing sets does not affect the analysis of system performance.

In the recognition procedure, when the number of tokens in token pass
algorithm was increased the system performance also increased. It was found
that the system correction rates increased from 94% when one token was
used to ~ 95% when 20 tokens were used. On the other hand, the recognizer
speed decreased from 2.1 characters/second when one token was used to 0.17
characters/second when 20 tokens were used.

Finally, the statistical language model improved the system performance.
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LM specifies the transition probability between Arabic characters. It was
built using a language data text without any type of scanning. In this thesis,
bi—gram and tri—gram language models were built. The tri-gram LM showed
better performance than the bi—gram LM.

7.1 Future Work

There are many extensions that can be done either to enhance the perfor-
mance of the system or to make the approach applicable on a wider range of
tasks related to Arabic OCR. These future extensions are as follows:

e Switch to handwritten Arabic script: the implemented system recog-
nizes typewritten Arabic script. If a data corpus of handwritten Ara-
bic script is built, the training and recognition procedures implemented
here will be applied to recognize handwritten script. The only differ-
ence will be at the preprocessing stage.

e Building lexicon—driven system: the implemented system recognizes
Arabic text at character level, while the output of the recognizer is a
sequence of characters. To build a recognizer on Arabic word level, the
system requires a lexicon. It can be built using a language dictionary.

o Using different types of HMMs: since the implemented recognition sys-
tem uses discrete HMMs because it is a fast systems, continuous HMMs
or tied-mixture HMMs can be used instead. The use of HTK make this
job very easy because HTK supports all those types.

o Using different tying methods: in this thesis, we tie all tri-HMMs with
the same root character to share the same transition matrix. This
method can be changed to tie also all tri-HMMs with the same right
character in one cluster and all tri-HMMs with the same left character
in another cluster.

o Using new novel features: the statistical features that were used here
gave good results, but new novel statistical features can be used instead
to reduce the confusion between Arabic characters.

o Multi-language system: since the implemented system is segmentation—
free, this system can be extended to recognize Latin words inside the
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Arabic text. The changes will be in labeling procedures and character
HMMs. This will be very efficient in the real applications because much
Arabic text today includes English words or characters.

o Using degraded and noisy data: instead of using printed pages, we plan
to test the system using noisy data such as fax and nth—generation
photocopies.
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