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Abstract: Combining classifiers is an approach that has been shown to be useful on numerous occasions when striving for
further improvement over the performance of individual classifiers. In this paper we present a Multiple Classifier System
(MCS) for off-line Arabic handwriting recognition. The MCS combines three neuronal recognition systems based on Fuzzy
ART network used for the first time in Arabic OCR, multi layer perceptron and radial basic functions. We use various feature
sets based on Tchebichef, Hu and Zernike moments. For deriving the final decision, different combining schemes are applied.
The best combination ensemble has a recognition rate of 90,10 %, which is significantly higher than the 84,31% achieved by
the best individual classifier. To demonstrate the high performance of the classification system, the results are compared with

three research using IFN/ENIT database.
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1. Introduction

The research domain of Multiple Classifier Systems
(MCS) examines how several classifiers can be applied
together to obtain better classification systems. MCS
methods may be used to increase the speed of the
system or to reduce the time taken for the design of the
classification system. There are three basic structures
of classifier combination: serial, parallel and
conditional. In a serial combination the output of a
classifier is the input of the next classifier. In
conditional combination some classifiers are only
applied if the output of other classifiers meets a certain
condition.

In a parallel combination the output of all classifiers
is combined in a last step to a single output. This
combination is very popular, because each classifier
that solves the classification problem may be used.
There are many ways to combine in parallel the results
of a set of classifiers, depending on the type of the
classifiers’ output. If the output is only the best ranked
class then majority voting can be applied [10]. More
sophisticated voting schemes also look at the
probability of the classification error for a specific
class (Bayesian Combination Rule [13]) and the
dependencies between the classifiers (Behavior-
Knowledge Space [4]). Some classifiers have a ranked
list of classes as output. For them often Borda count
[12] or related methods are used. Some classifiers also
generate a score value for each class. In this case the
sum, product, maximum, minimum, or the median of
the scores of all classifiers can be calculated [12] and

the class with the highest value is regarded as the
combined result. Another approach is to use the score
values output by the individual classifiers as input for a
trainable classifier, e.g., a neural-network [4], which
acts as the combiner.

Neural network classifiers exhibit powerful
discriminative properties and they have been used in
Optical Character Recognition implementation. MLP is
usually a common choice because they are very easy to
train and very fast to use in classification decision
process. Radial Basis Function (RBF) networks, on the
other hand, offer better features for recognition
applications, in addition to highly efficient training, no
design details are required since the network
automatically adjusts its single hidden layer. The
Fuzzy ART architecture exhibits considerable stability
and can easily integrates with other hierarchical
theories of recognition.

In this case study, our research aims at developing
an automatic recognition system for off-line Arabic
handwritten words using a parallel combination
scheme between a Fuzzy ART, MLP and RBF
networks, we focus on three combining methods;
majority vote, max-rule, and sum-rule. We also applied
three types of moments as features.

This paper is organized as follows: section 2 briefly
reviews the Arabic script characteristics. In section 3
related works concerning MCS implemented for
Arabic script are given. Used neural networks are
detailed in section 4. In section 5 we introduce the
three types of moments chosen as futures for our
application. Section 6 reports the experimental results



Combining Neural Networks for Arabic Handwriting Recognition

conducted on the publicly available IFN/ENIT
database of handwritten Tunisian town names
including system parameters and architecture,
combining methods and comparison with other
systems. Finally, we conclude the work and discuss the
future directions in the last section.

2. Arabic Script

Arabic, one of the six United Nations official
languages, is the mother tongue of more than 300
million people, The Arabic script evolved from the
Nabatacan Aramaic script. It has been used since the
4™ century AD the most features of Arabic language
are:

e The Arabic script is cursive and it is written from
right to left [20].

e As illustrated in Figure 1, the Arabic alphabet
contains 28 letters, and most letters change form
depending on whether they appear at the beginning,
middle, or end of a word, or on their own.
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Figure 1. Arabic alphabet.

e The long vowels /a:/, /i:/ and /u:/ are represented by
the letters ‘alif, ya' and waw, respectively.

e The Arabic characters of a word are connected
along a baseline. A baseline is the line with the
highest density of black pixels.

¢ In addition to connectivity, vowel diacritic signs are
an essential part of written Arabic. Vowels are
represented in the form of overscores or underscores

e Many Arabic characters have dots, which are
positioned above or below the letter body. Dots can
be single, double or triple. Different Arabic letters
can have the same body and differ in the number of
dots identifying them.

e Characters in an Arabic script usually overlap with
their neighbouring letters depending on their
position in the word. The degree of overlapping
varies depending on the size and style of the
character.

e Certain character combinations form new ligature
shapes which are often font dependent.
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e Spacing may separate not only words but also
certain characters within a word forming sub-words.
e Some characters contain closed loops.

3. Related Works

Compared to Latin script where a lot of research work
is done, the number of work for MCS of Arabic script
is quite limited. One of the first works in this field was
given by Farah et al. [7] who introduced a system
based on the combination of three Multi Layer
Perceptrons for the recognition of Arabic literal
amount with a recognition rate of 94% on a small test
database containing 4800 words. El-Hajj et al. [6] have
used Neural Networks to combine three homogeneous
HMM-based classifiers, which have different features
as input, they used the IFN/ENIT database achieving a
recognition rate of 94,44%. In [15], a strategy for
Arabic handwritten word recognition has been
proposed by Miled, the idea is based on a sequential
hierarchical cooperation of three classifiers, all of a
Markovian type. The first classifier is based on a
global description of the word using sequential visual
indices. The second classifier is associated with an
analytic approach that models the characters deprived
of their diacritic dots. The third classifier is associated
to the sub-word. Different types of combinations
methods were tested (measure, rank, hierarchy, class).
The rates of recognition of the system exceed 89%.
This represents an increase of about 8% with respect to
the best performing classifier taken individually.
Alma’adeed [14] combined a rule based recognizer
with a set of HMMs to recognize words in a bank-
check lexicon of 47 words. The rule-based engine used
ascenders, descenders, and other structural features to
separate the data into groups of words, and an HMM
classifier for each group used frame-based features to
determine the word. The system was tested on about
4700 words collectively written by 100 writers,
excluding about 10% of the words due to errors in
baseline detection and pre-processing. A near 60%
recognition rate was achieved.

Souici-Meslati and Sellami [14] presented a hybrid
approach to the recognition of literal amounts on bank-
checks. Three classifiers ran in parallel: neural
networks, K-nearest-neighbour, and Fuzzy K-nearest-
neighbour. The outputs were combined by word-level
score summation. 1200 word by 100 writers were used
for training and 3600 words for testing. The
recognition rate was 96%. In [2] Burrow applied one
K-Nearest Neighbours classification approach to each
sub-word, a majority vote is taken on its overall class
and repeated for each sub-word sample. First results
result in 47% accuracy. By refining the scoring system
and adding some features, including the number of
dots, the author scores at 74% for sub-word on
correctly represented classes.
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4. Neural Network

Neural networks have been a much-publicized topic of
research in recent years and are now beginning to be
used in a wide range of subject areas. One of the
strands of interest in neural networks is to explore
possible models of biological computation. Neural
network structure is a collection of parallel processors
connected together in the form of a directed graph,
organized such that the network structure lends itself to
the problem being considered, they are specified by the
net topology, node characteristics, and training or
learning rules. In our system we have implemented
three kind of neural network.

4.1. Adaptive Resonance Theory

Adaptive Resonance Theory (ART) is a family of
algorithms for incremental unsupervised learning
developed by Carpenter and Grossberg [9]. The ART
neural network is a typical representative of
competitive networks. The Fuzzy ART neural network
has two advantages; one is the ability to handle both
binary and analogy vectors and the other is faster
implementation.

Fuzzy ART is a generalized ART-1 method which
is restricted to continuous binary data in the interval of
[0, 1]. It is similar to many iterative clustering
algorithms where each pattern is processed by finding
the nearest cluster and then updating that cluster to be
closer to the pattern. However, in the framework of
Fuzzy ART is a little changed by introducing the
concept of resonance so that each case is processed by
first finding the nearest cluster seed that resonates with
the case, and then wupdating that cluster seed.
Resonance is just a matter of being within a certain
threshold of a second similarity measure. Fuzzy ART
takes three input parameters: choice parameter (5>0),
vigilance parameter (0< p<l1) and learning rate (0<
A<1). The detail of training Fuzzy ART algorithm is
given in [3].

Competitive
layer FZ 2F - m i — @
=L...M AN NA
Weights Weights|
W T

Comparaison
layer F;
=1,...,N

o . \é@/

X=x1,x2,...,xN, 1-x1, 1-x2,...,1-xN

Figure 2. Fuzzy ART network.

4.2. Radial Basis Function

RBF is a combination of unsupervised and supervised
learning. The basis function is radial and symmetric

around the mean vector, which is the centroid of the
clusters formed in the unsupervised learning stage,
hence the name radial basis function. The RBF
networks are two-layer networks in which the first
layer nodes represent radial functions (usually
Gaussian). The second layer weights are used to
combine linearly the individual radial functions, and
the weights are adapted via a linear least squares
algorithm during the training by supervised learning.
The activation function of output nodes can be either
linear or sigmoidal; to facilitate minimum error
training by gradient descent and make the output
values approximate a posteriori probabilities, we use
sigmoid functions in the output layer. For an RBF
network with d input signals, m hidden units, and M
output units, assume spherical Gaussian functions for
the hidden nodes:

2
¢;(X)=exp[-xz-:;],j=1,...,m (1)

where y; is the center Gaussian, and o7 is the variance.

The linear combination of Gaussian functions:

Vi (x)z 29 (x)= i ij¢] (x)+ Weo
, )
ZZWAJ¢_/(x)a k=1,..M

Under supervised training of all parameters, the RBF
network can achieve a higher classification
performance with much fewer hidden nodes. This can
compete or even exceed the Multi-Layer Perceptron.
The training algorithm is described in [4].

4.3. Multi Layer Perceptron

MLP networks are widely used in handwritten
recognition systems because they are very easy to train
and very fast to use in classification decision
processes. This popularity is related to the use of the
gradient back-propagation algorithm [9] in the training
process. MLPs generally achieve good performance in
terms of correct recognition rate in handwritten
classification. When adopting MLPs, the word image
is pre-processed so as to yield a feature vector, which
is used for feeding the neural network. The class
membership is commonly given by exclusive coding of
the output (one-hot coding). During the recognition
phase, the network is fed with the input pattern which
is propagated through forward steps to the outputs. The
expected class is simply given by the output unit with
the highest value. The classifier can reject patterns
whose membership cannot be clearly established.
A typical classification criterion which is used
consists of rejecting a pattern if:
y=max{y,{<RM 3)

,,,,,
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where 7 is the number of classes, y, (0,1)is the im

output of the network, and RM is a proper threshold.
Unfortunately, there are limits when using MLPs in
classification tasks: First, there is no theoretic
relationship between the MLP structure (ex: hidden
layers number and nodes number per layer) and the
classification task. The second limitation is due to the
fact that MLP derives separating hyper plane surfaces,
in feature representation space, which are not optimal
in terms of the margin area between the examples of
two-different classes. To train the MLP network we
have used Back Propagation algorithm (BP) [9]. This
algorithm performs a gradient descent in the
connection weight space on an error surface defined

by:

E=—>»F
S 25 (4)
Where:
1
Ep :Eg:(tpk _ypk)2 (5)

here P is the total number of patterns in the training set
and, {t ok }, {y ok }are respectively, the target and output

vectors corresponding to the p-th input pattern. The
quantity E is called the system error. In BP algorithm,
weight updating rules are given by:

OE (t
wfk(t+1):wi,{(t)—nﬁ((t))+aziw/.,‘(t—1) (6)
Jk
t+1)=w,(t)— OF, (1) Aw, (t — 1
wy(t+1)=w(t) ﬂawy(t)Jra w,(1—1) (7)

where w,, (¢) is the weight connecting a hidden node |
with an output node k while w,(#)is the weight

connecting an input node i with a hidden node j at time
t. Aw, (t-1)is the modification amount to w, at time

t-1. n(>0)and «(0<a <1)are respectively called the
learning rate and moment factor.

5. Invariant Moments

Moments and functions of moments have been
employed as pattern features in numerous applications
to recognize two-dimensional image patterns. These
pattern features extract global properties of the image
such as the shape area, the center of the mass, the
moment of inertia, and so on. Moments used in this
application are:

5.1. Hu moments

In our implementation, moment invariants used by Hu
[19] have been utilized to build the feature space for
MLP classifier. Using nonlinear combinations of
geometric moments, Hu derived a set of invariant
moments which has the desirable property of being
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invariant under image translation, scaling and rotation.
The central moments, which are invariant under any
translation, are defined as:

Mpq= Ij(x—f)P(y—j/)qf(x,y)dxdy (8)
Where:
f:Aflol y= M, and
M, M,,

ey ©)

M,, = [ [xry'sxy sdxdy
however, for images, the continuous image intensity
function f(x, y) is replaced by a matrix, where x and y
are the discrete locations of the image pixels. The
integrals in equations 8 and 9 are approximated by the
summations:

m

My, =23 (x=5)" (v=53)" f(np)dsdy  (10)

M, =33 <"y f(x,y Jddy (11)

x=0 y=0

where m and n are dimensions of the image. The set of
moment invariants that has been used by Hu are given

by:

¢ =My +M, (12)

$y =My —My)+4M] (13)

¢, =(M,, —3M,,)* +(3M,, — M,,)* (14)
Gy =(Myy +M,) +(My, +My,)° (15)

@5 =My, —3M,)(My,+ M)
[(M30+M12)2_3(M21+M03)2]+(3M12_Mos) (16)
(M, +M )[3(My, +M12)2 -(M,, +M03)2]

Ps :(Mzo_Moz)[(M3o+M12)2_(M21 +M03)2]+
AM | (M 3+ M) (M, + M)

(17)

»; = (3M21 _Mo3)(M30 +M12)[(M30 +M12)2 -
3(M21+M03)2]+3(M21_M03)(M21+M03)* (18)
[3(M30 +M12)2 _(le +M03)2]
These functions can be normalized to make them
invariant under a scale change by using the normalized

central moments instead of the central moments. The
normalized central moments are defined by:

M
M ,, =—"where azL;q)+l (19)
00

These, when substituted into the above equations, will
give seven moments which are invariant to translation,
scale change and rotation.

The o, have large dynamic values. Thus, it was
found that it was more practical to deal with the
logarithms of the absolute value of the g, [19] thus; the
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seven moment invariants used in the proposed system
are replaced by their logarithmic values. Table 1 shows
the rounded values of ¢ obtained for some of the words
in the training set.

Tablel. Moment invariant values for three words.

AU e | ol s | abYaliy
o1 1,1510 0,9937 1,2045
g2 2,2821 1,9367 2,3945
a3 1,0679 1,1754 1,5419
04 0,3176 0,4587 1,5390
a5 0,5082 1,1193 3,0794
a6 -0,7184 1,0512 2,7312
a7 0,9877 1,1312 1,0762

5.2. Zernike Moments

Zernike moments are chosen for RBF network;
Zernike [4] defined a complete orthogonal set {V,,(x,
y)} of complex polynomials over the polar coordinate
space inside a unit circle (x*+y*=1) as follows:

Vom (% 7) =V (9,0) = R,y ()€™ (20)

where j=+/-1, n>0, m is a positive or negative integer,
|m|<n, n—|m| is even, p is the shortest distance from the
origin to (x, y) pixel, € is the angle between vector p
and x-axis in counter clockwise direction, and R,,(p) is
the orthogonal radial polynomial given by:

n—{m| /2

R, (p)= D (-1
s![

5=0

.
wmqgmsﬂ 1)
2

Note that R,..(p)=R..(p). These polynomials are
orthogonal and satisfy the following condition:

* T
[ Vo o]V (o Yy = ——5,8,,(22)

xz+yzsl

Where:

0; otherwise

@:%” = 23)

Zernike moments are the projection of the image
intensity function f (x, y) onto the complex conjugate
of the previously defined Zernike polynomial Vaim(p,
), which is defined only over the unit circle:

Ay =" [ [F W o Opccs (24)

W+ y-z <1

For a digital image, Zernike moments are given by:

n

Anm =
T

- 22 S (p,0), 37 + 7 <1 (25)

5.3. Tchebichef Moments

For Fuzzy ART we have opted for Tchebichef
geometric moments. In these moments the basis
function is the discrete orthogonal Tchebichef
polynomial. For a given positive integer N (normally
the image size), the Tchebichef polynomial is given by
the following recurrence relation:

_ L _(n—])z
(2n=Dt,(x)t, (x)—(n—1)(1 I M,2(x) (26)

n

1,(x)=

with the initial conditions:

t(x)=1 (27)
t(x)=(2x+1-N)/N

where n=0,1,...,N-1. The Tchebichef moment of order
(p + q) of an image intensity function is defined as:
1 N-1N-1

T, = S ) Z:(; ;tm (1, NS (x,9) (28)

Where n,m=0,1,...,N-1. The Tchebichef polynomial
satisfies the property of orthogonallity with:

1 2? n’
N( _F)(l _F)”'O _F) (29)

n,N)=
Al ) 2n+1

6. Experiments Results

We tested the three classifiers on the IFN/ENIT
database [17]. IFN/ENIT was produced by the Institute
for Communications Technology at the Technical
University of Braunschweig (IFN) and the “Ecole
Nationale d’Ingénieurs de Tunis”. The total number of
binary images of handwritten Tunisian town/village
names is 26459. Those names were written by 411
writers, and they were labelled according to 946 name
classes. We have used as programming language
Delphi 2009 Architect, and implemented our
application on Microsoft Windows XP professional
platform.

All experiments are performed on an Intel Pentium
IV, 3GHz personal computer with 512Mb of RAM.
Training of MLP is obtained with 10000 cycle
consumed 40h, concerning Fuzzy ART, training is
obtained with 2000 iterations taking 20mn, finally RBF
tacked 20h with 5000 iterations. An average processing
time of 359,14ms per name image on the test set is
obtained by the combining rule.

6.1. System Architecture

The diagram of the off-line Arabic word recognition
system is shown in Figure 3. The recognition process
typically consists of three stages: pre-processing,
feature extraction, and classification.
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Preprocessing
(Normalisation, skew
detection and correction,
thmnlng)

Tchebichef
moments

Hu
moments

Zernike
Moments

calcul calcul

[ MLP ] [ Fuzzy ART ] [ RBF ]

calcul

\/

Combining
rule

Figure 3. Structure of the proposed OCR system.

In preprocessing phase we have applied a
normalisation algorithm [4] giving a uniformed size of
400x100 pixels, Figure 4 illustrates an example.

o

N —

Y oS

B mn:

Figure 4. Word normalization.

Skew detection and correction are done by the use
of horizontal projection histograms according to eleven
different angles of rotation varying from -5° to +5°, the
corrector angle of incline will be the one having the
denser histogram. When we Calculate the entropy of
each obtained histogram, we can determinate the more
dense histogram represented by the smallest entropy.
Figure 5 indicates a redressing example of one word
taken from the database.

o 3

Figure 5. A redressing example.

We have tested four algorithms; of Rutovitz, Zhang
and Suen, Deutch and the one of Zhang and Wang. We
have taken the one of Zhang-Wang according to its
high performance show in Figure 6. Image
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normalization and skew correction should be used
prior to Tchebichef moment extraction.

Figure 6. Thinning example.

6.2. System Parameters

Concerning Fuzzy ART Network, we have used 49
input neurones corresponding to the 49 first
Tchebichef moments. Also, we have study the effect of
varying vigilance parameter p according to the number
of class. Figure 7 shows the number of class detected
by diverse vigilance parameters p €[0,1]. We observed
that if the vigilance used is smaller, the number of
class=1. If p=0.6, the number of classes achieved is
100. Furthermore, if p=0.7, the number of classes
found surpass one hundred. We use p=0.6 as our
benchmark for the following experiments due to its
performance found.

250 +
200 -

150

= number of
detected

100 class

Number of class

50 -

0 01 02 03 04 05 06 07 08 09 1
Vigilance parameter p

Figure 7. Number of classes detected according to various vigilance
parameter.

Our MLP parameters are:

1. An input layer formed by 7 neurons, corresponding
to Hu moments.

2. An output layer composed of 100 neurons
representing the number of classes.

3. Two hidden layers; the first one is composed of 300
neurones and the second one contains 300 neurons.

4. We have chosen the sigmoid function:

1
fn)= 11 (30)

where n,is the total input of neuron I given by the

weighted sum of its input-signals. The RBF network
consists of three layers, an input layer, a hidden layer
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and an output layer of linear neurons. There are a total
of 100 nodes in the hidden layer. The input layer is
composed of 47 input neurons representing the first 47
Zernike moments of order 12.

6.3. Classifier Combination

We investigate basically three different combination
strategies for combining our off-line recognizers:
majority vote, max-rule, and sum-rule. Majority vote
chooses the class receiving the most votes from all
classifiers. The max-rule takes the class with the
maximum output value among each classifier, while
the sum-rule sums up the output for each class and
selects the one with the highest sum.

The plots in Figure 8 show the improvement of
accuracy rate results by using combining rules. As it is
shown, using majority vote rule gives the best
recognition rate compared to the other used rules.

100 ~

95 o —+— MLP
—s— Fuzzy ART

> Y
< Majority vote
s 90 1
5 —e—Sum-rule
Q
< Max-rule

85 - —e—RBF

80 T T T T T T T !
10 20 30 40 50 60 8 100
Number of class

Figure 8. Fuzzy ART, MLP, RBF and Fuzzy ART+MLP+RBF
classifier accuracy.

6.4. Comparison with other Systems

The IFN/ENIT database is available to the scientific
community and this makes system comparison
possible. As mentioned in the abstract, we compared
the developed system to three other systems tested also
on IFN/EINIT database; the ones of [2, 6, 15], it may
be noted from Table 2 that the highest accuracy was
obtained by El-Hajj [6], this is due to the use of a
segmentation phase, on the other side our system
achieves a good accuracy compared with Burrow’s and
Miled’s [2, 15] system which prove the performance of
combining an RBF and MLP with a Fuzzy ART
network.

Table 2. Comparison results.

Classifiers Combining Rule Accuracy

ETITD
El-Hajj’s 3 HMMs Neural Network 94,44%
System

3 9
Miled’s 3HMMs Majority Vote 89%
System
Burrow’s Several . o
System K-NN Majority Vote 74%
Our MLP+RBF+ . N
System Fuzzy ART Majority Vote 90,10%

7. Conclusions

Handwritten Arabic word recognition is still a very
difficult problem. Classifier combination is considered
as a promising way for solving such complex pattern
recognition problem. We have shown the efficiency of
the presented combining schemes of Fuzzy ART, MLP
and RBF network for Arabic cursive word recognition.
So all the combination approaches are superior to the
best individual classifier, and the majority vote
outperforms the other classifier combination scheme
by giving 90,10 % accuracy rate.

Hu and Zernike moments are invariant to
translation, rotation and scaling which omit the use of
some pre-processing operations like normalization and
skew detection and correction. Tchebichef moments
are fast to implement, present adequate noise tolerance
and very accurate image reconstruction. MLPs
generally achieve good performances in terms of
correct recognition rate in handwritten word
classification. The performance of Radial Basis
Function Neural Networks on classification is always
excellent, compared with other networks. Concerning
Fuzzy ART network, it does not demand a priori
knowledge of the fixed number of necessary classes.

The obtained results are promising according to the
novelty of the idea in spite of the problems finding in
the data base concerning the bad writing. An
interesting way to improve the performance of the
hybrid RBF-MLP-Fuzzy ART recognizer, presented in
this paper, consists in adding other kind of classifier to
the combining scheme like HMM classifier. Also we
can add a post-processing step in our future
modifications to the system.
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