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Abstract

Because of the nature of cursive handwriting, our
pproach segments a word into graphemes. Each
acted grapheme is represented by a vector of 19
stres then is transformed into an observation. This
lage can be considered as a vector quantization (VQ).
\ Markovian modeling of characters enables the
management of the sequence of observations obtained
fom the VQ) in order to estimate different word
nodel parameters. This analytical modeling is based on
i¢ three levels of abstractions of the written Arabic:
lracter, pseudo-word (intrinsic notion to Arabic
mdwriting), and word. In order to optimize the
erformance of the classifier, we studied two different
ervation alphabets. The first is selected by an
iitopy criterion, while the second is obtained by a
bstering algorithm (k-means). The performances of
Iis¢ two alphabets are given, showing the superiority
fthe entropy one: recognition rate of 79.5% is
hieved (top rank) using a lexicon of 232 classes and a
stset of 5900 words.

keywords: Arabic handwriting recognition, Mutual
formation, features selection, word description,

Introduction

optlcal reading of printed Arabic has been an
iesting challenge for the last twenty years [1].
ndwritten Arabic recognition has not been studied
i much [2-3], which we attribute essentially to the
tamental difference, in terms of rules and alphabets,
ieen Arabic and the other scripts (such as Latin,
ese, and Indian). Arabic, handwritten or printed, is
Icursive (Figure 2). An Arabic word is a sequence
disjoint connected components called pseudo-words,
similarly each pseudo-word is a sequence of
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completely cursive characters.
Latin, is written from right to left.

The Arabic alphabet is composed of 28 different
characters. The shape of a character varies according to
its position (at the beginning, in the middle, at the end
of a pseudo-word, or isolated). This rule is true except
for six characters (marked with a "*" in Figure 1) which
can never be attached to their successors. The Arabic
character set can be divided into 18 sub-sets. Each sub-
set contains characters with identical dominant shape,
also called character main body. The different
characters in each sub-set can be distinguished by the
number and position of their dots (Figure 1).

There are various Arabic cursive handwriting styles.
We have grouped them into two large categories:
Oriental and North African. Each of these categories
has its own signature regarding the shape of the
different characters. This does not prevent them from
having common aspects, like the presence of what we
call ligatures. These ligatures are particular occurrences
of links between two consecutive characters (Figure 2).
Ligatures are discussed in [4], but only in the case of
printed Arabic.

Handwriting recognition is based mainly on two
types of approaches: global and analytical. The choice
of the approach depends essentially on the type of
problem to be addressed, and on the size of the lexicon.
In our application, we study a relatively complex
problem with a large number of word classes (232), for
each of which we only have a limited number of
samples. In such a case, the choice of an analytical
approach seems appropriate. In order to describe a
word as a sequence of features, we develop a
segmentation module [5] to cut the word into
graphemes. After vector quantization, these graphemes
represent classification features. The engine used in our
analytical module is a Hidden Markov Model (HMM).
HMMs have proved their capacity to model
phenomena, which evolve with respect to time, such as

Arabic, contrary to
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speech [6-7] and writing recognition [8-9]. In reality,
HMMs are largely used in different domains of pattern
recognition. They have also demonstrated their
capacity and their flexibility to model multi-writer
handwriting, despite the large variability of writing
styles [10]. A study [11] analyzes the optimal order of
cursive recognition models.

This paper is divided into six main parts. First, we
introduce the two fundamental notions of Arabic
handwriting: pseudo-word and tracing. Second, we
summarize our segmentation method, described in [5].
Third, we explain the extraction of primitives and the
classification of graphemes. Fourth, we present
Markovian modeling, with the estimation phase of the
different parameters. Fifth, we give the performance of
the classifier we developed. Finally, we terminate with
a general conclusion.

2. Pseudo-word vs. tracing

When writing, the writer is constrained to go from one
pseudo-word to another, each time he meets one of the
six characters mentioned in the introduction.
Unfortunately, many writers do not respect this
constraint. The detection of pseudo-words in a word is
not a simple task; parts of the connected components
are either portions of pseudo-words, or concatenations
of different pseudo-words (Figure 3). We adopt a new
notion in our study and call it a tracing.

To distinguish between the notions of pseudo-word
and tracing, we give the two following definitions:

® Definition 1: The pseudo-word is a logical
entity composed of a sequence of characters, a
theoretical sequence of characters as it should
appear in reality.

® Definition 2: The tracing is a physical entity
composed of a sequence of characters as produced
by the writer.

Consequently, a tracing can be a pseudo-word
(Figure 3-a), a concatenation of pseudo-words (Figure
3-b) or a portion of a pseudo-word (Figure 3-c). These
last notions, intrinsic to Arabic cursive handwriting, are
important in the modeling of Arabic as script having ifs
own characteristics.

3. Segmentation

The connected components of the word are first
extracted and then preclassified into two categories:
tracings and diacritics [12]. Only the tracings ar
segmented, by a method based on the extraction and
analysis of the signal describing the general word
shape. This method is described in [13], and takes in
consideration the Arabic handwritten calligraphic
characteristics to reduce sub-segmentation cases due to
ligatures.
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Figure 1: The Arabic alphabet: the characters are grouped by dominant shapes (main body); six
characters (marked with a "*") can never be attached to their successors.

; 3 . “
.:.'D_Q_ Us.uJJ
Figure 2 : Arabic handwritten text sample: the left

box contains a ligature, and the right box contains a
word composed of two pseudo-words.
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Figure 3 : Differences between the notions of
pseudo-word and tracing: (a) the first pseudo-word
on the right is composed of two tracings; (b) the first
tracing is composed of two attached pseudo-words
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The components obtained after the segmentation
diase are called graphemes. A grapheme is defined as
@ clementary information zone that can be: a
taracter, a portion of a character (over-segmentation)
traset of characters (urider-segmentation).

Incursive Arabic handwriting, a pseudo-word is a set
of characters or portions of a character (graphemes)
ached with links. These links reflect the writing style
d increase the variability of grapheme shapes. Each
gmented grapheme is composed of a main body and
small links (Figure 4-b). In order to stabilize the
ppheme's morphologic representation, we filter out
links. In this way, the grapheme is restricted to the
omponent representing its main body (Figure 4-a).

We have studied statistically the limits of under-
gmentation and over-segmentation of this module
Jery important for future recognition phases). We used
Gatabase tagged in graphemes of 4720 Tunisian City
ames. This study proved that 98% of the graphemes
tre composed of a component smaller than or equal
0 @ character; 2% of the remaining graphemes
iizined at most two characters. A second statistical
udy shows that only 0.3% of the characters "SIN" and
V' are segmented in four portions. The other
laracters are segmented at most in three portions.
om these statistics, we formulate the following
jpotheses:

Hypothesis 2: a grapheme can contain at most two
racters (limit of under-segmentation).

* Figure 4: Filtering of links and detection of
gapheme's main body: (a) example of graphemes
after segmentation (b) zoom on the boxed area i)
- links ii) main body of graphemes.

lir approach, only the information extracted from
macings zone is used to describe the word. We
ittake into consideration the extracted diacritics
use they are unstable (they generally have a small
k Which can be easily damaged by the acquisition
), and they increase the variability of the
writing (due to the personality of the writer).
ever this approach decreases the quantity of
mation about the unknown shape (word) in the
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4. Graphemes

4.1 Description of graphemes

The transfer of a grapheme (a shape) into a Markov
Model observation is an essential phase. At this level,
each grapheme is represented by a vector of the
different measurements used by the classifier to
compare an unknown grapheme to known ones. The
classifier will base itself on one measurement to assign
the grapheme to a class (the nearest one). A
characteristic vector composed of different types of
features can optimize the performance of a classifier
[14]. In our application, the graphemes are described by
two families of characteristic [15]. Each family is
called a sub-vector. The first sub-vector is composed of
structural  features  corresponding to  human
observations: closed loops, open loops, ascenders,
descenders, normalized size; [16-17] report the
informative and discriminating power of this type of
visual features. The second sub-vector is composed of
the first 10 Fourier Descriptors [18-19]. Finally, each
grapheme is represented by a vector of 19 normalized
characteristics. Let us remember also that these
characteristics don’t take into account the diacritics.

4.2 Choice of observation alphabet

In our study we distinguish between two notions:
physical and logical entities. In this section, the
physical entities are the graphemes, and the logical
entities are denoted observations.

We study the distribution of graphemes (physical
entities) over the observation alphabet (logical entities).
A first distribution is done manually, while a second
one uses an automatic clustering algorithm.

In the first method, we manually tag a set of
graphemes, based on their visual shapes (the
observations). Our tagged database contains
approximately 45,000 graphemes distributed over more
then 100 different classes; the number of classes is not
fixed in advance. The number of samples in each class
varies from five (in the case of an irregular or exotic
grapheme) to some thousands.

In order to have statistically and informatively
representative observation classes, we must reduce the
number of these classes. The final set of observations
participating in word description is chosen based on the
amount of information that these observations bring to
the character identification. The entropy criterion is
based on the mutual information between each class of



observation and the alphabet of the characters with
respect to the sequences observed in the training set.

To compute this mutual information, we propose to
transform each sequence describing a segmented
character into a binary sequence indicating the presence
or the absence of a given observation k in each possible
position in the character description. For example, take
the following sequence representing a character from
the database:

ax/ff
Given that we are studying the grapheme “x”, the
sequence generated would be the following:

(0,1,0)
A code is attributed to each generated sequence and
denoted sf-.

The mutual information between the alphabet of
characters (2 and the set of sequence codes j‘}
generated by an observation & can be written as:

k
P(mj,s)
MI(Qk)=Y ZP(m,-,sf)log——'—lk—

mieﬂsf P(m,-)P(sj)

where m; describes all characters of the alphabet (2.

In this study, we make the assumption that our
observations are independent of each other.
Consequently, the mutual information obtained does
not reflect the correlation between the different
graphemes. This is a weakness of such a method.

The entropy criterion gives different classes of
observations ordered by an increasing degree of
informative power. In order to obtain the final alphabet,
we select the most informative observation’s classes.
Each of the remaining graphemes (not selected) is
attributed to the nearest class, using a k nearest
neighbors classifier (k-NN).

To obtain an automatic system at this level, we have
implemented a second k-means-clustering algorithm to
decide, from their spatial distribution, the assigning of
graphemes to the different classes of observation. The
grapheme distribution is a priori unknown but it is
based on distance criteria. The only manual
intervention from the supervisor, at this level, is
choosing the number of observation classes.

4.3 Observations vs. Graphemes

The decision on the class given to each segmented
grapheme is made using a k-NN classifier. After the
extraction of the characteristics, the grapheme is
represented by an input vector for the k-NN. This phase
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can be considered as vector quantization (VQ), which
transforms a sequence of graphemes (physical entities)
into a sequence of HMM observations (logical entities). |
The value of k is chosen based on our best
experimental results. The variation of results based on |
the value of k is so small that it is insignificant;
nevertheless a value of k € {5,6,7} is relatively |
optimal. v

Training |

Data-base |

Unknown l 5

word T l |

! X
Gra;heme A
extraction and »| K-NN L—p y; ML

quantization

Figure 5: Block scheme of the training and
recognition processes.

Figure 5 presents two processes: training and
recognition. During training, the words segmented into‘i
graphemes represent, after the VQ phase, the sequences
of observations which will be used for the estimation of
the different parameters of the models. The classes of
the observation alphabet are selected either by entropy
criterion or by clustering. During recognition, the
problem is different: the features extracted from the
segmented graphemes are compared (Euclidean
distance) with the various reference vectors |
(representations of graphemes from the training set).
Each of these graphemes is transformed into an |
observation tagged with the k-NN classifier. The set of
observations (from the unknown word) composes the
sequence representing the word. This sequence is given
as input to the recognition module, which is based on
the Markovian models trained during our leaming
phase.

S. Markovian Modeling

A Markovian process is a stochastic chain

g = (491.92,93,.-..q; ) (finite number of states) which
verifies the Markov property:

Vt P(q=i/q1=]q-2=k.)=P(q=i/q_;=])
Any stochastic discrete process is a Markov process of
order k if it verifies the extended Markov property:

vt P(q/qi")=P(q,/qi%t) ‘
If this process is composed of a finite set of N
different states i | , N |, we then have a Markov chain

i



A Markov Model is completely described by the
mmber of states N and the following parameters A and
.

|- The transition probability matrix 4 = laijJ

Where aj is the probability of being in state j at time ¢
While knowing that we were in state i at time ¢-1:
ay=P(q,=j/q,_;=i) ISi<N, ISj<N

2 The state initial probability vector /7
Where 7, = P(q; =i) I1<i<N
the following condition has to be respected:

N N
Vi Ya;=1.and Y x;=1

j=1 Jj=1
- AMarkov Model A with parameters 4 and I7is noted
A= (4, ID).

Contrary to a MM, the states of an HMM cannot be
gbserved directly. We observe symbols given by the
tates as the system evolves in time. These symbols are
illed observations. In an HMM, the observation is a
nbability of the hidden state. Only the symbols given
y the model are acceptable, and from them we can
jaluate the most probable states. An HMM describes a
ouble stochastic process.

In addition to the parameters 4 and /7, an HMM is
bseribed by matrix B of observation probabilities of
symbols  following the model states:
J=|o; (k)| where b, (k) is the probability that state j

nerates the symbol &k (ke [1,LM]);
ik)=P(y,=k/q,=j) I<j<N;I<k<M

Where M is the number of possible observations.

Eventually a vector I" of final state probability can be
as:

=y ]where v, = P(qr =i) 1<i<N

in HMM A is totally defined by the parameter A, B
d[I; we can add the final probability vector I to
force the decisions. An HMM A is noted as:

A=(4, B, I I)

\HMM is a soft elastic model. It tolerates variability
e writing, and adapts perfectly to our type of data.
: only problem is that we have a relatively large
on (N, =232 classes of words) and very few

iples per word class. To overcome this problem, we
modeling less complex components that are better
esented in the database than the word component.

The main subject of modeling is the character
component. Let us remember also that the word is a
sequence of pseudo-words, which we are taking into
account in our model to get a better modeling of Arabic
handwriting.

In the following section, we discuss the modeling
chosen for Arabic cursive handwriting. This modeling
works from three hierarchical levels of abstraction: the
character, the pseudo-word and the word which
represents the entity to be recognized.

5.1 Character Level Modeling

The modeling process is directly linked to the
segmentation phase. The model developed has to take
into consideration all the possible segments of a
character. This segmentation does not depend on the
character as a logical entity, but rather depends on its
shape. Based on this, we go from a model per character
to a model per family of characters (Figure 2); this
reduces the number of models from approximately 30
to only 18 (after the elimination of diacritics and
especially dots). This choice has advantages as well as
disadvantages. The main advantage is the increase in
the number of sample considered in the estimate of the
model parameters. The disadvantage is in the
degradation of the refinement of the word description.
With the hypotheses given in section 1.1, the character
model becomes a right-left 3-state model. The
transitions between states correspond to the set of
graphemes which can be generated from the
segmentation of a given character (Figure 4). The states
of this model are called p-states. The transition
probabilities between the different states are estimated
on the entire database and increase considerably the
number of samples per characters (models). At this
level we estimate two main probabilities Pr, and Pr;;
the other transition probabilities being directly
deducible (Figure 6). The transitions are of order 1.

c Prifa)
Pr2(a)
4—
1 1-Pr(a)

I-Pri(a)

Figure 6: character model (o).

5.2 Pseudo-word Level Modeling

A pseudo-word is an ordered succession of characters
(see section 1). The pseudo-word model can be viewed
as a concatenation of the character models composing
the word (Figure 7). The segmentation phase depends
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essentially on the set of bi-grams. The segmentation
engine behaves the same way each time it encounters
the same bi-gram in a pseudo-word. The parameter of
interest at this level is the probability of segmentation
by bi-grams. This probability can be computed over an
entire database.

= seg(ﬂ’@ ]‘PSeg(aﬂ)

PugB9) Pieg(@ )

Figure 7: Example of model for a 3-character
pseudo-word (aff8): P..,(ct,B) is the probability of
segmenting the bi-gram (c,B), while “1-Pgeg(at,B)”
represents the probability that the two characters o

and B will be joined in the same grapheme.

This model must take into consideration two
fundamental problems: touching pseudo-words, and
confusing diacritics taken as pseudo-words, because
they were included in the sequence of pseudo-words.
These diacritics are represented by a noise state "*"
inserted between two pseudo-words, but could also
appear at the beginning or end of the word (Figure 8).

(D
Pr*I ;

Figure 8: The transition model between the
pseudo-words of the sequence composed of I, J
and the noise state *>*’” (in this specific case).

The probabilities estimated at this level are distinct
for each word in the lexicon; these probabilities are:

< Psenda-ward T

i) deb(*) is the probability that the first element of the
sequence of the pseudo word is a diacritic; ii) fin(*)is
the probability that the sequence ends with a diacritic;
iiiy Pr*(I) is the probability that pseudo-word I is
followed by a diacritic; vi) Tr(IJ) is the probability that
pseudo-word I is followed by pseudo-word J and that
there is at least one segmentation point between them. =

5.3 The Word Model

The final model is a fusion of the three models defined
earlier. Its states are all the combinations of the p-states
(from character models), encountered while tagging the
training set. During training, we compute all transition
probabilities defined above and for each of the three
hierarchical models. The estimation of the differenf
parameters of the word final model is done as follows: -

The transition probability matrix A: we assume the
terms of matrix A to be a; (transition between tWo
consecutive states i and j of the final model) the-
product of two entity probabilities [20]: 1) Gjner(ij) 15
the transition probability between the last p-state of
state ¢; and the first p-state of state g;; ii) Gjnur(j) 1 the
production probability of state g; as it was observed
Figure 9 illustrates by an example the computation of
these two probabilities. Therefore:

aij 5 aimer(i:./)- aimra(l)

The probability vectors of the initial states z;and
final states y; are estimated as follows:

\\:lf\\

i deb(*) if 1 5 state
P70 (1—deb(™) . aingrali) otherwise
_ | fin(®) if iis state'"*"
b s fin(*) otherwise

The symbols (observations) are directly produced by
the word final states. The matrix B of produced
symbols is simply estimated statistically on the entire
training set. :

Psendo-word T

> & o
> <

Figure 9: An example of computation of transition probabilities: i) Giner(,j) = 1-Pr,(f) and
ainler(i:k) = (I-Pr,(}ﬂ) ’ ”) ainlra(]) = (P"z(ﬁ)) (1'(Pr*(I)+Tr(I:J))) and aintra(k) = (PrZ(”) (1' seg(}’: @)
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54 Decision

The classifier is a maximum likelihood (ML) module
(figure 10). This classifier takes the word as being a
sequence of observations yf = ( Y1, Y25 Y7 ) - For each
tndidate word class i, this classifier computes
POT /%) which corresponds to the probability of

getting the sequence of observations yf by module

4. These probabilities ( P(y{ /%)) are evaluated by
e Baum-Welch algorithm. Finally, the word is
itached to the class k for which the model 4

naximizes the emission probability y{ :

— 4 Pyl /ay)

woH A Pyl

—> Ay, >P(y] /an, )

k= argmaxP(yIT /4;)
i

‘Figure 10 : The ML based word classifier: N, is
the size of the lexicon

. Results

ir lexicon counts 232 different word classes. Each
s is written by approximately forty-five writers.
eare training the models on 4720 tagged words, and
system performance is evaluated on a test set of
00 words. The results are very promising in both
habets. The first results have shown that the
formance varies with respect to the size of the
habet [15]. We decided to use a fixed size of forty
gervation classes. For the alphabet selected by
criteria, we choose the more informative
phemes (see section 2.2) while, in the automatic
¢, only the desired number of classes was fixed.
¢ performances obtained were comparable, but the
talphabet still shows slightly better results (Table
When comparing performances from the two
fabets, we notice that the difference in the result
tases considerably at the fifth rank to reach
imately 2.25%.

topl |top2 |[top3 |top4 [top5
ML 179.5% |86.9% |89.6% |91.1% | 92.2%
K-means | 79.1% | 86.4% | 88.2% |89.3% | 89.9%

Table 1: Performance of the system, using two types of
observation alphabet.

The analysis of the main recognition errors
(confusions) shows two principal causes:

The first is the less trained words, because they are
constituted by either rare characters or complex shape
characters (Figure 11).

Bl

Figure 11: Rare or complex shape characters

The second is the confusion between word classes
which have the same handwritten main shape, and
which can be distinguished by diacritics (Figure12).

Undill—~[laal] oAl

Kitar Samar
(a) :
IS (5 o [puide 5 d i
Sidi Aiche
> S L > (5 dw
Sidi Hassine
(b)

Figure 12: The most common confusion cases in
our data base due to similar main shapes of the
words in each case.

The word recognition rate in Figure 11 is about 50%.
We have also pointed out 6 cases of confusion between
the two words of Figurel2-a and 8 cases of confusion
between the words of Figure 12-b. However, these
word classes can be easily differentiated by the
diacritics information.

7. Conclusion

In this paper we first introduced the notion of pseudo-
word. The second part of the paper discusses the
segmentation and extraction of graphemes, as well as
their vector quantization. The graphemes obtained are
composed of either portions of characters or a set of
touching characters. We adopted HMM for the
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management of sequences of segmented graphemes.
This modeling was the subject of the third section. We
presented an analytical approach of the words with
three hierarchical levels merged into each model. The
training of the various parameters of models and the
basic principles of the word classifier have also been
presented and discussed. The results obtained justify
the choice of observation alphabet obtained by entropy
criterion over the clustering technique. The analysis of
the confusion cases proves the importance of the
diacritics to improve the recognition rates and the
quality of decision of our classifier.

We are trying to coordinate this approach with a
global word recognition module which takes into
consideration the diacritics as visual indexes. The latter
module takes into account information complementary
to that used by the one proposed in this paper.
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