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Abstract
This paper presents a new method for isolated
Farsi/
Arabic characters and digits recognition. Fractal
codes which are determined bya fractal encodingmethod
are used as feature in this system. Fractal image
compression is a relativelyrecent technique based on the
representation of an image bya contractive transform for
which the fixed point is close to the original image. Each
fractal code consists of six parameters such as
corresponding domain coordinates for each range block,
brightness offset and an affine transformation. We made a
comparison between support vector machine (SVM)which
is based on statistical learning theory and radial basis
function (RBF)neural network classifiers. Experimental
results on our database which was gathered from various
people with different ages and different educational
background indicate that fractal codes are suitable
features in the application of zip code recognition. This
system achieves recognition rates of 92.71% and 91.33%
for digits and characters respectively.

1

Introduction

The recognit
ion ofhandwrit
t
en charact
ers has been an
act
ive research domain in recentyears. . M any researches
have been concerned wit
h t
he recognit
ion of Lat
in,
Chinese and Kanji charact
ers. Butl
it
t
l
e researches have
been done on Farsi and Arabic. Previous works on
recognit
ion ofisol
at
ed charact
ers, words, and script
s of
Farsi and Arabic l
anguages have used st
ruct
uralfeat
ures
[1,2], momentfeat
ures [3] and W avel
etTransform [4] as a
feat
ure. NeuralNet
works [4] and Hidden M arkov M odel
s
(HM M )[5] are al
so used as a cl
assifier in t
hese syst
ems.
The feat
ure used in t
his syst
em is fract
alcodes which are
obt
ained aft
er some pre-processing t
asks by a fract
al
encoding met
hod. For a given binary image cont
aining
singl
e charact
er or digit
, t
wo pre-processing t
asks are
needed t
o make t
he syst
em invariantt
o scal
e and frame
size changes. By finding bounding rect
angl
e box ofeach
charact
er or numeral and scal
ing it t
o a 64 × 64 pixel
image, t
he syst
em wil
lbe robustt
o l
ocat
ion and scal
e
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changes. Fract
al codes represent affine t
ransformat
ions
which when it
erat
ivel
y appl
ied t
o range-domain pairs in an
arbit
rary init
ial image, t
he resul
tis cl
ose t
o t
he given
image. Fract
alconcepthas been used recent
l
y by some
researches for face recognit
ion [6,7]. Ebrahimpour [6]
used t
he PSNR bet
ween feat
ure vect
ors oft
he query image
and feat
ure vect
ors of al
l image in t
he dat
abase as a
measure ofdist
ance and a minimum dist
ance cl
assifier.
Researchers have begun t
o examine t
he use ofRadialbasis
funct
ion (RBF) neural net
work for sol
ving funct
ion
approximat
ion and pat
t
ern cl
assificat
ion probl
ems. An
RBF neuralnet
work wit
h HLA [8] l
earning al
gorit
hm has
been used for cl
assificat
ion in our syst
em.
In t
his paper we made a comparison bet
ween RBF
neural net
work and support vect
or machine (SVM )
cl
assifiers in t
he appl
icat
ion of charact
er and digit
recognit
ion using fract
alfeat
ure.
The restoft
his paper is organized as fol
l
ows. In sect
ion
2 an overview offract
alimage coding and fract
alfeat
ure
ext
ract
ion are given. Sect
ion 3 and 4 describe t
he t
heory of
RBF and SVM Cl
assifiers. In sect
ion 5, we discuss t
he
experiment
al resul
t
s and make a comparison bet
ween
recognit
ion rat
e ofRBF and SVM cl
assifiers. Concl
usion
remarks are given in sect
ion 6.

2

Fractal Image Compression

W it
h t
he adventoft
he informat
ion age, t
he need for
mass informat
ion st
orage and ret
rievalgrows. Different
image compression met
hods have been focused for a l
ong
t
ime t
o reduce t
his massive informat
ion, butfract
alimage
compression is a rel
at
ivel
y recent t
echnique based on
represent
at
ion ofan image by cont
ract
ive t
ransform, for
which t
he fixed pointis cl
ose t
o originalimage.
Suppose we are deal
ing wit
h a 64 × 64 binary image in
which each pixelcan have one of256 l
evel
s (ranging from
bl
ack t
o whit
e). Let R1 , R2 ,....., R256 be 4 × 4 pixelnonoverl
apping sub-squares oft
he image (Range bl
ocks), and
apping subl
etD be t
he col
l
ect
ion ofal
l8 × 8 pixeloverl
squares oft
he image (Domain bl
ocks)as depict
ed in Fig.1.
The col
l
ect
ion D cont
ains 57 × 57 = 3249 squares. For each

R i block, search through all of D blocks to find a D i ∈ D
which minimizes equation (1). There are 8 ways to map
one square onto another. Each square can be rotated to 4
orientations or flipped and rotated into 4 other orientations
as shown in Fig.2. Having 8 different affine
transformations means comparing 8 × 3249 = 25992 domain
squares with each of the 256 range squares.

the case of character recognition, although it is not
necessary to decode the fractal models that are obtained
from previous section, but we have done it to verify the
validation of coding algorithm. Decoding process starts
with an arbitrary initial image. Then the decoding
algorithm is iterated about 6 to 16 times. The results for
different iterations and different R block sizes are depicted
in Fig.3. After each iteration, the average of error and peak
signal to noise ratio (PSNR) are calculated. (Table1).

Figure 1. One of the block mapping in partitioned iterated
function systems representation
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Figure 3. Decoding algorithm’s results.
(a) original image. (b) arbitrary initial image
(c) decoded image after 1 iteration for N=4
(d) decoded image after 10 iteration for N=4
(e) decoded image after 1 iteration for N=8
(f) decoded image after 10 iteration for N=8
(g) decoded image after 1 iteration for N=16
(h) decoded image after 10 iteration for N=16

Figure 2. Eight different affine transformations
Collage Error = min R i − W ( D ji )

2

(1)

As mentioned before, a Di block has 4 times as many
pixels as an Ri , so we must either sub-sample (choose 1

Table.1 Average of error and PSNR versus number of
iteration for N=4

from each 2 × 2 sub-square of Di ) or average the 2 × 2
sub-squares corresponding to each pixel of Ri when we

minimize equation (1) [9]. Minimizing equation (1) means
two things. First it means finding a good choice for Di .
Second, it means finding a good contrast and brightness
setting s i and oi for Wi in equation (2).
 x  a i
w i  y  = ci
 z   0

bi
di
0

0   x   ei 
0   y  +  f i 
si   z  o i 

(2)

Number
Of
Iteration

Average
Of
Error

PSNR
(dB)

0
1
3
5
10
15

2.45
1.95
1.38
1.06
0.89
0.869

40.32
42.30
45.53
47.55
49.14
49.34

2.1 Fractal Features

A choice of Di , along with a corresponding s i and oi ,
determines a map Wi . The type of image partitioning used

Since characters and digits have simple images, we used
the fixed size square blocks (FSSB) partitioning so the
first two numbers in the fractal codes (a,b) do not have
information in feature extraction part. For an 64 × 64
image with N=16, by omitting (a,b), a feature vector with
the length of 64 ,( 64 × 64 × 4 = 64 ), is obtained for each

for the range blocks can be so different. A wide variety of
partitions have been investigated, the majority being
composed of rectangular blocks. Different types of range
block partitioning were described in [10]. In this research
we used the simplest possible range partition consists of
the fixed size square blocks, that is called fixed size square
blocks (FSSB) partitioning.
The procedure for finding a fractal model for a given
image is called encoding, compression, or searching for a
fractal image representation [11]. After finding the best
match, fractal elements which consist of 6 real numbers
(a,b,c,d,e,f) are selected as follows. (a,b,c,d) are (x,y)
coordinates of the D block and its corresponding R block
respectively. (e) is the index of affine transformation that
makes the best match. (it is a number between 1 and 8). (f)
is the intensity which is a number between 0 and 256. In

16

16

character or number.

3

Support Vector Machines

One of the most important recent researches in classifier
design is the introduction of support vector machines
classifier. The basic idea of SVM utilized in pattern
recognition is to construct a hyper-plane as decision plane,
which separates the positive and negative patterns with the
largest margin. The optimization of SVM consists to
minimize the number of support vectors by maximizing
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Typically the activation function of the RBF units is
chosen as a Gaussian function with mean vector ci and

the margin between the two classes. The decision function
derived by the SVM classifier for a two-class problem, can
be formulated, using a kernel function K( x, xi ) of a new
example x and a training example
f ( x) =

∑α

i

variance vector ci as follows:

xi , as follows:

Ri ( x) = exp(−

y j K ( xi , x) + α 0

(3)

5

Kernel Name

Kernel Function

Linear

K Xi , X j = Xi X j

(

)

T

)

Radial Basis Function (RBF)


K Xi , X j = exp − Xi − X j


Exponential RBF


K Xi , X j = exp − Xi − X j


(

)

(

d

2


2σ 2 


2σ 2 


K Xi , X j = tanh λXi X j + Θ
T

Experimental Results

In Farsi language, there are ten digits that are shown in
Fig.5. Because of similarity between (٠, ٥) and (٢, ٣)
especially in the handwritten texts, digits (٠) and (٢ ) are
not used in postal codes in Iran. Thus, we have 8 different
classes for digits.

T

) (

(

Perceptron

4

)

K Xi , X j = Xi X j + 1

(

)

Figure 5. Digits in Farsi

RBF Neural Network Structure

The most commonly used family of neural networks for
handwritten characters recognition task is feed-forward
network, which includes multilayer perceptron (MLP) and
radial basis function (RBF) networks. Recently researchers
have begun to examine the use of RBF for solving
function approximation and pattern classification
problems. One of the advantages of RBF neural networks,
compared to multi-layer perceptron networks, is the
possibility of choosing suitable parameters for the units of
hidden layer without having to perform a non-linear
optimization of the network parameters [13]. A schematic
diagram of an RBF neural network is shown in Fig. 4. The
construction of the RBFNN involves an input layer, a
hidden layer and an output layer with feed-forward
architecture. An RBF neural network with HLA [8]
learning algorithm has been used for classification in our
system.
W11
1

Dots play an important role in Farsi characters. Fig.6
shows four different characters that only differ in the
number of and the position of dots. To simplify, we
neglect these dots and consider the characters in their main
forms without the dots. We categorize the Farsi characters
into 8 different classes which are shown in Table.3.

Figure 6. Four Farsi Characters with different dots and
similar patterns
Table.3. Final character classes
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)

covariance matrix of Gaussian function.
The Zernike Moment descriptors have such desirable
properties: rotation invariance, robustness to noise,
expression efficiency, fast computation and multi-level
representation for describing the various shapes of pattern
[5]. Zernike Moments are well known and widely used in
the analysis of optical systems.

Table 2. kernels are used in SVMs

)

2

2

α i ≥ 0 are optimized during the training process. Table 2
shows some kernels that are used in SVMs. The kernel
function used in our system is Gaussian function because
experiment shows that it is better than other kernel
functions in handwritten recognition [12].

(

σi

2

Note that σ i represents the diagonal entries of

i∈SV

Where SV is the support vector set (a subset of training
set) and y i = ±1 the label of example xi . The parameters

Polynomial

x − ci

Wrs

The basic SVM is a binary classifier. There are some
strategies for for using SVM as muiti-class clasifier [12].
In this study we used exponential radial basis function
kernel with σ = 3 and set C = 1000 with One to Others
SVM method.A training and test set, for characters and
numerals, were gathered from more than 200 people with

Figure.4 RBF neural network structure
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different educational background. Our database contains
480 samples per digit (total of 3840), and 190 samples per
character (total of 6080). We used 280 samples of each
digit for training and the rest (200) for test. We also used
100 samples of each character for training and the rest
(90) for the test. Table.4 shows results for different R
blocks size (N).
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Table 4. Experimental results for different R blocks size

N

4
8
1
6

Encoding
Time
(Character
/Sec)

Feature
Extraction
Time(hours)

Avera
ge of
Error

PSNR
(dB)

Size of
feature
vector

40.1
29.5

110
81

0.941
0.962

48.65
48.46

1024
256

Averag
e of
Recogn
ition
Rate
92.1%
92.6%

13.9

38.6

1.059

47.63

64

92.2%

As it is shown in Table.4 with the increase in R blocks
size, the PSNR and average of error decreases and
increases respectively and also algorithm becomes faster.
Column 3 in Table 4 shows feature extraction time for our
database. Column 6 also shows the average of recognition
rate for characters and digits in training and test sets.
There is a trade-off between encoding time and average of
recognition rate because when N decreases, size of feature
vector will increase so the classifier learns more details
and its generalization ability become weak. As feature
extraction process is faster for N=16 and average of
recognition rate is also fair so we encoded input images
with this R blocks size.The classification results for
characters and numerals are shown in Table.5 for N=16.
Table 5. Experimental results for N=16
Characters

Digits

Test set

Train
set

Test set

Training
Time
(hours)

100%

91.33%

100%

92.71%

35.8

96.2%

90.9%

98.4%

91.70%

22.5

Train
set
SVM
RBF
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Conclusions
In this paper we made a comparison of RBF neural
network and SVM classifiers, whose topologic structure
are the same. As shown in Table.5, SVM achieves very
perfect recognition rate in training set and it has better
generalization ability than RBF classifier but it takes more
time to be trained. The feature used in the system is fractal
codes which represent each character or digit as a vector
with the length of 64. Too large R blocks size (N=32)
results in loss of feature;while too small R blocks size
(N=4) decrease recognition rate because the generalization
ability decrease and the training and test speed decrease
also. Computational complexity of fractal encoding is the
disadvantage of fractal feature in the application of
character recognition which can be removed by adaptive
search to speed-up fractal image compression.
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