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ABSTRACT

This paper introduces an experimental evaluation of the effectiveness of utilizing various moments as
pattern features in recognition of the handwritten Farsi characters. The moments that have been used are
Zernike moments, Pseudo Zernike moments, and Legendre moments. We have used an unsupervised neural
network (ART2) for this application, so that the clusters are formed only based on inherent properties of
pattern features. The performance of classification is dependent on the moment order as well as the type of the
moment invariant, but the classification error rate was below %10 in all cases. The Pseudo Zernike moments
of order of 5 had the best performance among all the moment invariants. Its error rate and discrimination

factor were %3.06 and %96.92 respectively.

1. INTRODUCTION

Orthogonal moments that are invariant to the
basic image transformation such as translation,
scaling, and rotation are of great importance in
pattern recognition [3][6]. This paper introduces an
experimental evaluation of the effectiveness of
utilizing orthogonal moments such as Zernike
moments, Pseudo Zernike moments, and Legendre
moments in recognition of the handwritten Farsi
characters.

Farsi text is cursive and is written from right to
left. A Farsi character might have several shapes.
The shape of a character depends on its relative
position in the word. For example, the character
“&“ js written differently in a word ; at the
begining of the word as “<&£& “in the middle of the
word as “® “ at the end of the word as “&” and
in isolation as “&”. In addition, some Farsi
characters have the same shapes and differ from
cach other only by existing of dots or zigzag bar.
The isolated Farsi character set is shown in fig. 1.
This work concerns with recognition of the main
body of isolated handwritten Farsi characters which
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consist of 18 shapes. Since the isolated character
«Pe has another shape (“~* “) and when the

« 'Lt

character proceeded by the character e is

written as “ ¥ | the total shapes of the main body
of isolated Farsi characters increases to 20 shapes
as in fig. 2. For each category, 160 samples was
gathered from five famous Iranian calligraphers
( totally 3200 samples), which half of them used for
training and another half for testing the neural
network.

The rest of this paper is organized as follows.
Section 2 gives areview of calculating orthogonal
moments. A summary on Adaptive Resonance
Network (ART2) is given in section 3. Section 4
gives the experimental results and conclusion.

2. ORTHOGONAL MOMENTS

Selection of a feature extraction method is one of
the most important factors in achieving high
recognition performance{3]. In order to recognize
variations of a character, invariant features must be
used. Therefore we have used Zernike, Pscudo
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Zernike, and Legendre moments for this research.
Since these moments are calculated using scaled
Geometric  moments, they are invariant to
translation and scaling. Also these moments are
robust to high frequency.noise, since we never use
very high order terms. These moments have the
reconstructability property too.

Geometric moments: The Geometric moments
of order p+q of a digital image are defined as:

=3 fleyx"y" (1)
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where p,g =0,1,2,... 00

The translation invariant Central moments are
obtlained by placing origin at the centroid of the
image
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Then, the scale invariant Central moments are
defined as:
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Finally, the scale invariant Radial-Geometric
moments are defined as:
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where X = x—Xxo and ¥y = y— yo .

Zernike moments : Zernike polynomials are an
orthogonal set of complex-valued polynomials:

V,.(x,y) = R, (x,).exp( jmtan” ‘(y ) (5)

where x”°+y°<1,j=+-1,n>0, |mtSn
and n— lml is even and Radial polynomials {Rym}

are defined as:
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The complex Zernike moments of order n and
repetition m are given by:
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where x° + y Sl and symbol * denotes the

complex conjugate operator{2].
The Zernike moments can be computed by the
scale invariant Central moments as follows:
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where
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b:nzm_s and j=/—1.

Pseudo Zernike moments: The Zernike moments
in equ. (8)become Pseudo Zernike moments if the
Radial polynomials{Rym }defined as below are used
to compute the polynomials with condition
is even eliminated [2].
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The Pseudo Zernike moments can be computed

by the scale invariant Central moments and the
Radial-Geometric moments as follows [6]:
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n—s—m
where k = ————— —_—
2 2

j=+-1.

Legendre moments: The (n,m) order Legendre

moments are defined as:
+1+1

N = | [ B, OB, F (x,y)dxdy  (13)

~1~1
where the nth order Legendre polynomial is given
by:
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The Legendre moments can be computed by
Geometric moments as follows [2]:

. (2n+l)(2m+1) 22
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3. Adaptive Resonance Classifier

The ART2 neural network clusters inputs by
using unsupervised learning, The basic architecture
of an adaptive resonance neural net involves three
groups of neurons (fig. 3): An input processing
field(F1 layer), the cluster units(F2 layer), and a
mechanism to control the degree of similarity of
patterns placed on the same cluster( a reset
mechanism)[5].

The F1 layer and the F2 layer are connected to
each other by bottom-up and top-down weights.
The F2 layer is a competitive layer. The cluster unit
with the largest net input becomes the candidate to
learn the input pattern. Whether or not this cluster
unit is allowed to learn the input pattern depends on
how similar its top-down weight vector isto the
input vector. The degree of similarity is controlled
by the vigilance parameter. If the similarity is below
the vigilance parameter, the cluster unit will become
inhibited and another candidate is chosen. This

process continues until an acceptable cluster unit is
chosen (so learning will occur) or all cluster units
are inhibited( so the vigilance parameter will be
decreased and the process will be repeated)[5].

We have used slow learning, in which only one
iteration of the weight update equations occurs on
each learning trial. In testing phase, the input
vectors are variants of the set of vectors used to
train the neural net. The classifier is expected to
recall the correct category to which each test
pattern belongs. If the recalled category of a test
pattern is  not the desired  category,
misclassification has occurred. If all cluster units
inhibited by the reset mechanism for a test pattern,
that pattern will be rejected. During testing no
learning takes place[4].

4. Experimental results

The main body of isolated handwritten Farsi
characters consist of 20 classes. We gather 3200
samples from five famous Iranian calligraphers.
Half of the samples used for training the net and
another half for testing. The moments are calculated
up to 8th order for all samples. Feature moments
from order of 3 to 8 were used as feature patterns in
separate experiments. In each experiment, the
maximum number of training epochs was 10000
and the maximum number of cluster units was 20.
The learning rate and the vigilance parameter were
set to 0.7 and 0.99 respectively. The dimension of
input vectors depends on the order and the type of
moments. In training phase, all input patterns were
grouped to one of theclusters(no rejection).
Classification error rate in training phase is shown
mn fig.4.

In testing phase, a test pattern mdy be grouped in
a correct cluster, or in an incorrect cluster, or may
be rejected. In order to have an objective evaluation
of the performance of the various moments, we
used the following measures[1]:
1) Discrimination factor = 100 NC/(N-NR)
2) Error percentage = 100 NE /N
where
N = total number of test samples (N = 1600 in this
study).
NC = number of correctly classified test samples.
NR = number of rejected test samples.
NE = number of misclassified test samplcs.
Figures 4 to 6 present acomparison between
effectiveness of various moments in handwritten
Farsi character recognition. As shown in the
figures, The error rate is below %10 in all cases.
The Pseudo Zernike moments of order of 5 have the
best performance among all the moment invariants.
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Its error rate and discrimination factor are %3.06
and %96.92 respectively.
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Fig. 1: Farsi Character Set
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Fig. 3 : Basic ART2 Architecture

Fig. 2 : Main Body Of Farsi Characters
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