A New OCR System Similar to ASR System

Abstract
Optical character recognition (OCR) system is created using the
concepts of automatic speech recognition where the hidden
Markov Model is widely used. Results are very encouraging.
Recognition accuracy in the rage 98 % to 99 % has been
achieved.

1. Introduction

Optical character recognition systems are used to convert text in
printed documents into machine-readable ASCII codes for the
purpose of storage or further processing. The range of
applications is wide and includes postal code reading, automatic
data entry into large administrative systems, recognition of print
and script, automated cartography, banking, and reading devices
for blind. It is an integral part of office automation in the form
of text processing. The features, which characterize a good
optical character recognition system, are accuracy, flexibility,
and speed (El-Khaly, and Sid-Ahmed, 1990).

In the last two decades, there has been progress in the field of
machine recognition techniques for Latin and Chinese
characters. Meanwhile, the machine recognition of Arabic
characters has not yet been fully explored. Despite the fact that
Arabic characters are used in writing many widespread
languages like Arabic, Persian, Urdo, etc. The published
literature includes very little information about the computer
recognition of Arabic characters. However, these forms of
printed text are usually presented as isolated characters. The
shape of the character in these forms is independent of its
location in the printed word, contrary to Arabic text (Al-Youfefi and
Upda, 1992, El-Khaly, and Sid-Ahmed, 1990, and EI-Wakil and Shoukry, 1988).
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In order to illustrate the difference between Arabic text and
various other texts, the main characteristics of Arabic characters
are provided next:

(1) Arabic is written cursively from right to left.

(i1) Arabic words consist of one or more connected portions.

(ii1) The discontinuities between portions are due to some
characters that are not connectable from the left side with the
succeeding portion.

(iv) Every character has more than one shape depending on its
position within a connected portion of the word (beginning,
middle, end of portion, or isolated character).

(v) There are a lot of diacritics that may be associated with
Arabic text.

Hidden Markov Models (HMMs) have been used successfully
for speech recognition applications and they have recently been
applied to the problem of on-line handwriting recognition as
well. In this thesis we will use the HMMs for solving the
problem of off-line automatic recognition of connected Arabic
text.

To use the HMM techniques for the application of Arabic
connected character recognition, we have to add some
modifications to overcome the difference between speech
signals and Arabic connected text. My idea is to scan the Arabic
documents and to remove noise and discontinuities from the
scanned images using preprocessing algorithms. Then we will
look into the text-image using a sliding window that moves from
right to left through text lines and take features of each window.
These features are used to train the Hidden Markov Models of
the Arabic patterns.

2. Hidden Markov Models Overview:

Hidden Markov models (HMMs) are a method of modeling
systems with discrete, time dependant behavior characterized by
common, short time “processes” and transitions between them.
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An HMM can be thought of as a finite state machine where the
transitions between the states are dependant upon the occurrence
of some “symbol”. Associated with each state transition is an
output probability distribution, which describes the probability
with which a symbol will occur during the transition, and a
transition probability indicating the likelihood of this transition.

Since the late 1970’s, when HMMs were first applied to
automatic speech recognition (ASR), several analytical
techniques have been developed for estimating these
probabilities. These techniques enabled HMMs to become more
computationally efficient, robust, and flexible. This has
permitted HMMs to serve as the basis of many large-
vocabulary, speaker-independent systems.

The HMM model describes a stochastic process, which
produces a sequence of observed events or symbols. The HMM
is called “Hidden” Markov Model because there is an
underlying stochastic process that is not observable, but affects
the observed sequence of events. The sequence of observations
can be described using the notation:

0/ =0,,0,,..,0,,..,0,,
where the process has been observed for the T discrete time
steps from time =1 to #=T. The observations may be any one of
K symbols, v;. In speech recognition, these symbols may be
“low-level” vector quantization (VQ) codebook entries
computed at regular intervals, or “high-level” acoustic
descriptors such as phonemes.

The HMM may be thought of as a model of the process which
produces the sequence of acoustic events belonging to a specific
class, or word, in the vocabulary. Variations between
observation sequences of the same class, such as word length
and pronunciation, are modeled by the underlying stochastic
nature of the HMM. An HMM-based ASR will generally have C
HMMs, where C is the number of classes. The HMM recognizes
the word when the final state is reached.
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The key parameters to be determined in an HMM-based ASR
system are the number of states per word, N, and the state
transition and symbol output probability matrices. Large
amounts of training data (per word) are needed to obtain
acceptable estimates of these probability density functions.
These probability density functions capture the statistics of the
talker population and are more robust for speaker-independent
recognition than the finite number of word templates used in the
dynamic time warping (DTW) algorithm.

Each HMM consists of a number of states. When the model is
in state s,, the process may be measured and one of the symbols
vy may be produced, according to an observation probability
distribution, b;(v;). At each time step 7, the model will undergo a
transition to a new state, s;, according to a fransition probability
distribution, given by a;. These transitions may take place
between any two states, including self-transitions, as long as the
transition probability distribution is non-zero. Therefore, the
HMM is a Markov process because the probability of being in a
particular state at time #+/, given the state sequence prior to
time ¢, depends only on the state at time . An illustration of a
typical HMM is provided in Figure 1.

A particular model may be characterized by the number of
states N,, the number of observations K, and the three
probability densities 7= {7}, A = {a;}, and B = {b; (v)}, where
7; 1s the initial probability distribution across states. The model
of the ¢" word, M*, can be characterized by the set of M = {7,
A, B°}. Pattern recognition with an HMM is equivalent to
selecting the single model M " from the set {M', M, ..M}
which maximizes the probability of observation sequence o7 :

C*=argmax | <. <c [Pr(or | M)].

For simplicity, Pr( o |M ) will simply referred to as Pr(O|M).

The following sections describe how these three probability
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densities can be calculated and how an efficient implementation
can be realized.

Figure 1: An illustration of a left-to-right hidden Markov model.

Constructing an HMM

The selection of the optimal number of states, which properly
describe the observed sequence of events for a given word is a
somewhat empirical process. For discrete words, one might
select a number of states, which roughly correspond to the
number of phonemes in the word to be modeled, with additional
states corresponding to beginning and ending silences.

When constructing an HMM, the probability distributions A
and B cannot be determined using a direct analytical solution.
However, an iterative procedure, known as forward-backward
algorithm, or Baum-Welch algorithm, may be used for
estimating these distributions. It has been shown that the Baum-
Welch recursive algorithm can compute a new word model, M€
= {7, A°, B}, from an initial model M = {#, A°, B}, which
either increases the probability of the sequence given the model,
or leaves the probability estimates unchanged (M° = M©). If the
probabilities remain unchanged, then M€ is at a limiting point of
the likelihood function.

The forward-backward algorithm is a computationally
efficient method for determining the model parameters. This
iterative procedure uses the forward probabilities, «; (t), and
backward probabilities, f; (), to update the observation
probabilities, b; (v4), and transition probabilities a;. It is
dependant upon the computation of the probability of a partial
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observation at time 7 < T of ¢ and state s, for a specific model
M © with N, states. In general, the forward probability is given
by:
at) = Pr (o, . 5:| M)

and is computed by induction using an initial estimate of a; and
bi (vi):

l.o(0)=m, 1 <i<N;

2.and for 1 <t<T-land 1 < j< NV

a(t) = (3. @ (1) @) b (0),

From the forward probabilities, the probability of the complete
observation sequence at time 7 can be calculated:

Pr (0| M) = ga,-m.

Thus, the forward algorithm calculates the probability that an
observable sequence was generated by model M.

An analogous backward probability can also be computed and
is essential for updating the estimates of a; and b; (v;). The
probability of the partial sequence o7 , given state s; at time ¢ is
given by:

B.(t) = Pr (o7, | 51 M)
This backward probability is computed in a similar fashion to
the forward probability:

1.B(M)=1,1 < j<N;

2.and for 7-1 >2¢t>land 1 < i< NV:

B(1) = z B (t+1) azb; (O, ).

The probability of the éomplete sequence given the model can
be computed with either the forward probabilities alone or from
both the forward and backward probabilities:

Pr(O| M) = ZZ a; (1) a; bj (O p) B (t+1).

Once the forward and backward probabilities are calculated,
the word model M" = {x, 4, B'}, can be reestimated. For a
specific model M, the reestimation formulas are given by:

' =y (1),
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where 7 (), the probability of state s; at time ¢, given the
sequence O, is given by:

7%(0) = a(t) f() / Pr (O | M).

Likewise, 4 can be updated,
a’y = Z?y(f) /Z%‘(f),

where g; (f), the probability of the state s; at time ¢ and a
transition to state s; at time 7+, is given by:

&5 (0) = ai() ay b,(O) B (t+1) / Pr (O | M),
Finally, B can be updated,

T 1

bjv= 3 5@/ Xy,

1%0,=v,) p=)
where the sum in the numerator is over all instances where the
observation at ¢ was the symbol v,. This type of iterative
procedure is called an "estimate-maximize" algorithm, and is
characterized by an efficient "hill-climbing" procedure for
determining the word-model parameters (Rabinar, 1989 and Morgan and
Scofield, 1992).

HMM Recognition: The Viterbi Algorithm

HMM recognition can begin once the word-model parameters
are determined for all C words. During recognition, the input
symbols generate a particular sequence of states which are
visited by the HMM in producing the observation sequence. The
state sequence essentially represents the segmentation of the
words modeled by the HMM. However, to ensure that the
optimal state sequence with the highest posteriori probability is
selected, the Viterbi algorithm is employed. The Viterbi
algorithm is a recursive optimal solution to the problem of
estimating the state sequence of a discrete-time Markov process.
It is essentially a dynamic programming procedure, which may
be used to compute the state sequence with the highest priority.

The Viterbi algorithm consists of the following three steps:
(1) Initialize the probability, ¢, of state s; and observation O,
and let y; (f) represent the state at time t, for which, a
maximization over previous states has been performed:
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¢ (1) =m b (0), forl < j<N,
w; (1) =0.
(2) For2 <¢t<Tand 1 <j <N, recursively compute new values:
¢ () =max < i<~ [¢i(t-1)ay] b; (O,
v (1) = argmax | <y [t - 1) az) b; (O).

(3) Then the single path with the highest probability can be
computed and maximum likelihood state sequences can be
recovered from ;%7 (7):

Pr (0| My=max <<y [# (D],

J r=argmax <j<N [(15]' (1)].

Practical Application of HMMs

In the preceding formulas for computing model parameters, the
forward and backward probabilities ¢; (f) and f; (¢) appear.
However, Levinson et al. note that these probabilities tend to
zero exponentially as 7" — oo, and in practice these values must
be scaled to avoid under-flow. The scaling procedure involves
multiplication of ¢; (¢) and f; (¥) by a scaling coefficient A (7),
selected such that A (¥) ¢; (¥) and A (¢) f; (f) remain non-zero in
the computation, and

L@ =[x ]

After reestimating the model parameters, the scale factors
may be factored out and canceled. Unfortunately, the scale
factors may not be factored out of the computation of the model
probability, given by:

Pr (0| M)= zoc (D).
However, under re-scaling: ”
Y0 (D) = ([T + () Y (D)= 1.
T A () Pr(O| M) =1,
Pr(O | My=1/T] » (.

The log of the probability can then be expressed as:
log (Pr(O| M) =-% log [A (1)].

1
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Rabiner and Juang have noted that in ASR applications, either
the forward-backward procedure or the Viterbi algorithm may
be used to determine Pr (O | M). The summation in the forward-
backward procedure is usually dominated by the single term,
which the maximization step in the Viterbi algorithm selects. As
a result, the scaling procedure may be avoided since the Viterbi
algorithm can be modified to compute log (Pr (O | M)) directly.
In this case the initial (log) probability is given by:

¢ (1) = log (7, b; (O))),
And the recursion becomes:
4 (1) =max | ;- [ (t-1)+ log ()] + log (b,(0)).
Then the log probability computed with the Viterbi algorithm
for each word is:
log (Pr (0| M) = max | <;< [#(D)].
The implementation of /og values permits the computation of
word probabilities to be additive rather than multiplicative,
which avoids computer “underflow” and speeds up the
recognition process considerably. In general, the HMM
computational complexity is O (N°) in the number of states
searched by the Viterbi algorithm. Finally, it should be noted
that there are a considerable number of HMM variants, which
have been formulated to deal with specific continuous speech
recognition (CSR) pI’Oblel’l’lS (Rabinar, 1989 and Morgan and Scofield,
1992).

3. OCR System Architecture

The OCR system is divided into two subsystems: trainer and
recognizer. The trainer subsystem is used to initialize and train
hidden Markov models using many scanned bitmaps and their
corresponding text files. The block diagram of the trainer
subsystem is shown in Figure 2.
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Figure 2: OCR Trainer subsystem.

To build an OCR system that is able to recognize an Arabic font
with M different ligatures, we construct M different hidden
Markov models each of them represents one of the Arabic font
ligatures. The number of states per model is selected empirically
to maximize the system performance. All models are initialized
using a single bitmap that contains the complete set of ligatures
of the used Arabic font. Figures 3 and 4 show selected set of
ligatures for two of the most used Arabic fonts.
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Figure 3: Selected Ligatures for the Simplified Arabic Font.
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Figure 4: Selected Ligatures for the Traditional Arabic Font.

The training documents including the initialization bitmap are
scanned using a monochrome, 300 DPI scanner, and then a
segmentor module is used to segment the bitmaps into a series
of Arabic words starting from the upper-right corner of the page
as show in Figure 5.

pee e g

Figure 5: Sliding Window over the Bitmap of an Arabic Text.

The feature extractor module is used to extract features of a
sliding window of the same height of the Arabic words and a
fixed width, which is a ratio of the window’s height. The sliding
window slides through the body of the Arabic word from right
to left using a fixed step, and provides a series of feature vectors
to the feature quantizer module. Many sets of features are tested
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with our OCR system, but invariant moments described by
AlKhaly et al. [AIKhaly88] provided the best performance.

The vector quantizer module provides a series of observations
to the labeler module using the input train of feature vectors and
a codebook constructed from many images of the training set of
documents representing the Arabic font.

The labeler module provides a series of observations with
their associated sequence of patterns to the HMM trainer. The
HMM trainer uses these inputs to adapt the values of the
transition probability matrices and the observation probability
matrices of models of these patterns to maximize the probability
of the observation sequences of these patterns as described in
the HMM section.

The recognizer subsystem uses the trained HMMs to
recognize the unseen documents of the same font used for
training the OCR system. The block diagram of the recognizer
subsystem is shown in Figure 6.

-

=|_, | Word Feature Vector

= Segmentor Extractor Quantizer
Scanned )
Bifmap *

L HMMs R Text =

Recognizer Preparator =

Recognized
Text

Figure 6: The OCR Recognizer Subsystem.

The Segmentor module segments the scanned bitmap into
words, while the Feature Extractor and Vector Quantizer
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modules generate a series of observations representing the
segmented words as described in the training cycle. The HMMs
Recognizer uses the trained HMMs of the selected Arabic font
to generate a series of patterns that maximizes the probability of
the observation sequence. Finally, the text preparator module
converts the series of recognized patterns into their equivalent
ligatures and stores these ligatures in a text file.

4. Experimental Results

The OCR system was built using C++ language, and used for
training the Simplified Arabic font using the set of ligatures
shown in Figure 3. Twenty-five text pages containing these
ligatures were printed using a laser printer and scanned using a
monochrome scanner with 300 DPI resolution. 21 pages of this
set are used for training and four pages are used for testing the
system. The following table represents the system recognition
accuracy for different codebook sizes and different number of
states per model.

Codebook Size | Number of States | Recognition Accuracy
32 10 98.85 %
32 11 98.54 %
32 12 98.94 %
32 13 99.11 %
32 14 98.76 %
64 10 99.07 %
64 11 99.11 %
64 12 98.94 %
64 13 99.07 %
64 14 98.45 %
96 10 98.76 %
96 11 98.80 %
96 12 98.94 %
96 13 99.03 %
96 14 98.72 %

Table 1: Test Results of Simplified Arabic Font
The system was also used for training the Traditional Arabic

font using the set of ligatures shown in Figure 4 and provided
the following results:
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Codebook Size | Number of States | Recognition Accuracy
32 8 97.27 %
32 9 97.22 %
32 10 97.51 %
32 11 97.08 %
32 12 95.95 %
64 8 97.22 %
64 9 98.21 %
64 10 98.07 %
64 11 97.88 %
64 12 96.05 %
96 8 97.36 %
96 9 97.93 %
96 10 97.98 %
96 11 98.35 %
96 12 96.66 %

Table 2: Test Results of Traditional Arabic Font

5. Conclusion and Future work

In this paper, I used HMM techniques for building a connected
Arabic OCR system, and tested this system using the Simplified
Arabic and Traditional Arabic fonts of the Microsoft Word
application. The system provided a very high accuracy (99.11 %
for the Simplified Arabic font and 98.35 % for the Traditional
Arabic font). The first font provided better results because it
contains less number of ligatures.

In the future, the OCR system will be modified to be used for
recognizing Connected Handwritten Arabic text. A robust
segmentor has to be designed, and another set of features has to
be used for this job. Also a language model has to be added for
increasing the recognition accuracy of the system. The system
also 1s slow, the recognition rate is about 10 words/sec. On PII,
333 MHz configuration. More experiments have to be done to
increase the recognition speed.
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