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Abstract; Classification is the problem o f identifying, to which set o f categories a new observation belongs, on 
the basis o f a training set whose category membership is known. The process o f  handwritten script classification 
involves extraction o f  some defined characteristics calledfeatures to classify an unknown handwritten character 
into one o f the known classes. Zernike moments and regional features are extracted from  the Tamil characters 
and they are formed as feature vectors. Complex Extreme Learning Machine is used to classify the handwritten 
ancient Tamil characters. Complex Extreme Learning Machine is trained with feature vectors. From the 
experimental result it is observed that the classifier when trained by combining Zernike moments with regional 
features gives a highest classification accuracy o f82.63%.
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Characters.

I. Introduction

Tamil is one of the oldest languages know in India dating back over to two millennia. Inscriptions were written 
in olden days which are rich in knowledge related to different fields like literature, astrology, medicine, history 
and so on. Getting information from these inscriptions is essential. To do this, the common man must know to 
read the ancient Tamil scripts, whose writing styles and variations are different. This lays the main reason to 
carry out this research work in classification of ancient Tamil scripts. Classification is the problem of identifying 
to which set of categories a particular character belong on the basis of training set. The process of classification 
involves extraction of some definable information called features to classify an unknown handwritten character 
into one of the known classes.
From the literature, it has been observed that the pervious researchers have used traditional algorithms like 
SVM, SOM, HMM and two layer feed forward networks [1 -3 ]. These algorithms are far slower because the 
parameters must be tuned iteratively which increase the time taken for classification. Hence, to overcome this 
drawback of the traditional algorithms, this research work intends to use Complex Extreme Learning Machine 
(CELM) for classification o f handwritten ancient Tamil scripts because in CELM the parameters are generated 
randomly and this saves the manually tuning of the parameters. The organization of the paper is as follows; In 
section 2, features extracted from the characters are explained in brief. Classification using CELM is given 
briefly in section 3. Results and discussion are discussed in section 4 and finally section 5 concludes this paper.

II. Feature Extraction

Feature extraction is defined as the process of extraction information from the raw data which is useful for 
classifying the unknown type into known class. Features are classified into two groups, they are structural 
features like strokes, end points, etc., and statistical features which are derived from the statistical distribution of 
points like zoning, moments, etc., [4]. Here statistical feature (Zernike moments) along with regional features 
are taken for classification of handwritten ancient Tamil scripts. In feature extraction each character is 
represented as a feature vector, which becomes its identity [5]. Therefore, in this paper features are extracted 
and formed as different feature vectors.

A. Zernike Moments
Zernike moments are a class of orthogonal moments. They are rotation invariant. The Zernike polynomials are a 
set of complex orthogonal polynomials defined over the interior of a unit circle [6]. Zernike moments are the 
projections of the image function onto these orthogonal basis functions. The Zernike moment of order n with 
repetition m for an image is given by
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Table. 1 shows the features obtained by using Zemike moments for the sample ancient handwritten Tamil scripts

Table 1: Zernike Moments of order 6
Characters Moment 0 Moment 1 Moment 2 Moments Moment 4 Moment 5 Moment 6

B all 3.97 2.72 19.65 3.33 17.53 5.49 -0.54

3.51 1.10 6.67 0.38 -8.11 -0.40 -12.03

3.53 0.65 1.91 5.58 0.81 4.05 3.48

4.60 1.53 86.56 28.39 -26.19 34.52 -43.34

3.59 0.02 7.31 1.12 23.14 -0.06 29.79

3.73 6.43 2.04 2.88 3.58 4.88 -4.72

5.05 7.22 6.68 0.16 5.07 0.43 -3.27

5.18 7.68 5.31 1.62 -1.38 3.60 4.34

fit 3.00 0.78 1.89 0.24 1.16 0.19 2.87

B. Regional features
Here the features like Centroid, Orientation, Eccentricity, Extent, Mean and Standard deviation of Tamil 
characters are calculated

Centroid -  Specifies the center of mass of the region.
Eccentricity -  the eccentricity of the ellipse that has the same second-moments as the region.
Orientation -  This is the measure of angle in degrees between the x-axis and the major axis.
Extent -  It is defined as the ratio o f pixels in the region to pixels in the total bounding box.
Mean -  Mean value of a region.
Standard Deviation -  It is defined as the measure of the dispersion of a set o f data from its mean.

Table 2 shows the regional features extracted from the sample ancient handwritten Tamil scripts

Table 2; Regional Features

Characters Centroid Eccentricity Orientation Extent Mean Standard
deviation

^ S ll 828.00 43.89 23.73 0.82 0.22 472.09

655.00 40.52 19.35 0.90 0.20 365.23

w 700.00 28.05 23.37 0.47 0.29 409.30

664.00 22.00 23.86 26.34 5.40 0.70

1758.00 3.00 1.00 1.00 18.55 8.00

P I 471.00 16.49 27.02 0.89 0.29 272.65

671.00 19.50 25.86 0.73 0.39 248.55

524.00 22.68 18.28 0.59 0.22 293.58

S T 346.00 39.00 16.10 20.22 3.64 0.84



III. Classification

Tamil is one of the oldest languages known in India. Tamil has 247 characters in it out o f which 12 are vowels, 
18 are consonants, and 216 are composite characters (formed by combination of vowels and consonants) and one 
special letter known as Aydham. Tamil scripts are classified according to these groups. Target o f the 
classification is to reduce the number of possible characters for an unknown character, from the known one [7]. 
Here, complex extreme learning machine is used for classification of handwritten ancient Tamil scripts.

A. Complex Extreme Learning Machine

Given a series of training samples (Zi, yi), where i = 1, 2 ... N, e C "  a n d  e C ^ .th e  outputs of the single 
hidden layer feed forward network with complex activation function for these N training data is given by[8]

(2)
k = \

Where, g C ” is the complex input weight vector connecting the input layer neurons to the hidden neuron, 

—\P]^\,Pk2 '>-"Pkm^ e C ”" is the complex output weight vector connecting the hidden neuron and the 

output neurons and e  C  is the complex bias of the k* hidden neuron, gc is a fully complex activation 
function. The above N equations can be written as

H p  = 0

and the number of hidden neurons is usually less than the number N of training samples.
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Here, the complex matrix H is called the hidden layer output matrix. For fixed input weights and hidden layer 
biases, least squares solution of the linear system with minimum norm of output weight can be obtained [9]. The 
resulting least square solution is given by

P = (7)

where, H  ̂is the Moore-Penrose generalized inverse of complex matrix H.

B. Activation Function Type
The complex activation functions can be used in complex extreme learning machine. These include circular 
functions, inverse circular functions, hyperbolic functions and inverse hyperbolic functions [10]. In this research 
work, “arcsinh” is used as the activation function.
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C. Moore-Penrose Generalized Inverse Matrix
Matrix A is the Moore Penrose generalized inverse of complex matrix B, if ABA = A, BAB = B, (AB)* = AB, 
(BA)*=BA
Singular value decomposition (SVD) is used to calculate the Moore-Penrose generalized inverse of H. SVD is a 
factorization of a real or complex matrix which is used in many signal processing and statistics applications. The 
singular value decomposition of an nurn complex matrix M is a factorization of the form

m  = u y . v ' (9)

where, U is a mxm complex matrix, S  is an nurn diagonal matrix with non negative real numbers on the 

diagonal and V is an turn complex matrix

D. The general o f algorithm fo r  CELM

Given a training set N, complex activation function gjz)  and hidden neuron number N

Step 1: Randomly choose the complex input weight w  ̂and the complex bias b ,̂ where k = 1,...., N  .
Step 2: Calculate the complex hidden layer output matrix H 
Step 3: Calculate the complex output weight p using eq 7

The following procedure describes how the complex extreme learning machine is used in classification of 
handwritten ancient Tamil scripts. Training data and testing data are given as input the CELM.

Step 1: From training and testing data sets, the class labels are extracted and it is saved as Target vector.
Step 2: Complex random numbers are generated for the input weight of size (number of Hidden neurons X 
number of input neurons).
Step 3: Bias of hidden neurons are randomly generated from the complex numbers.
Step 4: Hidden layer output matrix H is calculated using the “arcsinh” activation function for the training data. 
Step 5: Moore Penrose inverse matrix H  ̂is calculated 
Step 6: Output weight is calculated using Eq 7.
Step 7: To find the actual output of the training data, the output weight is multiplied with H^
Step 8: Repeat steps 5 to 8 to calculate the output of testing input.
Step 9: Classification accuracy for training and testing data is calculated.

IV. Results and Discussion

To classify the handwritten ancient Tamil characters, a sample of 500 characters is taken and their features are 
extracted. In order to train the Complex extreme learning machine, three different feature vectors are formed from 
the Zernike moments (FVl), Regional features (FV2) and by combining Zernike moments with regional features 
(FV3). Out of these 500 characters, 300 characters are used for training the complex extreme learning machine 
and remaining 200 characters are used as testing data. Number of hidden neurons is fixed as 50 neurons. The 
classification accuracy obtained by complex extreme learning machine using different feature vectors is tabulated.

Table 3: Classification accuracy obtained by using different feature vectors

Feature Vector Training Time Testing Accuracy
FVl 0.0313 78.84
FV2 0.0123 80.79
FV3 0.0569 82.63
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Figure 2: Time taken by CELM when trained using different vectors

Fig 2 shows that training time taken by CELM when trained with different feature vectors. It is observed that, for 
training the vector FV2 the CELM takes less time when compared to other feature vectors. The training time 
taken for FV3 is higher than other two vectors because number of attributes in this vector is more (i.e. 12). From 
the figure 3, it is found that when CELM trained using FV3, gives highest accuracy rate of 82.63 compared to 
others even though the time taken for training is more.
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Figure 3: Classification accuracy obtained using various feature vectors

V. Conclusion

Complex extreme learning machine is used for classification of handwritten ancient Tamil scripts. Zemike 
moments and regional features are extracted from the Tamil characters and they are formed as feature vectors. 
These feature vectors are trained using CELM. It is found from the experimental results, that when Zernike 
moments combined with regional features and used as a feature vector for training, a highest classification 
accuracy rate of 82.63% is obtained. The main advantage of using CELM is that, the parameters need not be 
tuned manually and iteratively and more over the solution obtained is unique least norm square solution. Different 
combinations of CELM can be used which helps to increase the classification accuracy further.
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An Optimal Binarization Algorithm Based on 
Particle Swarm Optimization

P.Subashini, N.Sridevi

Abstract—  Document binarization is an active research area 
for many years. Binarization algorithms play an important role 
in the preprocessing phase of any character recognition system. 
This paper compares several alternative binarization algorithms 
for handwritten documents, by evaluating their performance. 
The algorithms evaluated arc, global thresholding, Otsu 
thresholding, Kittler-lllingworth and local thresholding, 
Niblack algorithm along with the proposed PSO algorithm. 
From the tests and results, we can wrap up with the assumption 
that the proposed algorithm shows improved results.

Index Terms—Evaluation, Global thresholding. Image 
Binarization, Local thresholding, PSO.

1. INTRODUCTION

Binarization or thresholding is the process that converts an 
image into black-and-white: a threshold value is defined and 
the colors above that value are converted into white, while the 
colors below it are converted into black. This is a very simple 
process in digital image processing when one has a document 
with black ink written on a white paper. Document image 
binarization is an important step in the document image 
analysis and recognition pipeline. The performance of a 
binarization technique directly affects the recognition 
analysis [7]. The quality of the images however has a 
significant impact on the OCR performance, since most 
historical archive document images are of poor quality due to 
aging and discolored cards and ink fading. The PSO, first 
introduced by Kennedy and Eberhart is a flexible, robust, 
population based stochastic search/optimization algoritlim 
with inherent parallelism [3, 11]. In recent years this method 
has gained popularity over its competitors due to its 
simplicity, superior convergence characteristics and l.igh 
solution quality. This paper presents Otsu thresholding based 
on particle swarm optimization (PSO) algorithm. The 
binarization methods that are used in the evaluation are 
described in Section 2 and Section 3 describes the tests that 
were run and their results. The paper concludes in Section 4.

II. BINARIZATION ALGORITHMS

In order to reduce storage requirements and to increase 
processing speed, it is often desirable to represent gray scale 
or color Images as binary images by picking a threshold value. 
Binarization algorithms are classified into global and local 
methods [10]. Fig 1 shows the block diagram of the 
binarization method.

Figure 1: Block Diagram of Image Binarization Method

The global algorithms calculate one threshold for the 
entire image. The pixels are separated into two classes, 
foreground and background [1]. This can be expressed as in 
the equation (1).

h ( x , y )  =
^black if I^(x,y)<Thr 

^white if Ij^{x,y)>Thr ( 1 )
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where, v ) is the pixel of the input image and

lb y )  'll® binarized image. While the local
thresholding algorithms calculate different threshold values 
depending on the local regions of the image. A threshold 
value can be derived for each pixel in the image, and the 
image can be separated into foreground and background [1] 
which can be expressed as given in equation (2).
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h { x ,y )  =
^black if Ij{x,y)<Thtix,y) 

1 white if I.{x ,y) > Thr{x,y) (2)

A. Global Thresholding Methods

a. Otsu Thresholding
Otsu is an often used global thresholding method. It is 

based on treating the gray level intensities present in the 
image as values to be clustered into two sets, one foreground 
(black) and one background (white) [9]. To carry out this, the 
algorithm minimizes the weighted sum of within-class 
variances of the foreground and background pixels to 
establish an optimum threshold. This is equivalent to 
maximizing the between-class scatter. From this a scalar 
number, K, is returned. This is then used to binarize the image 
through the following equation (3)

h in {x^y )= '
I  if
0, i f I ,A x , y ) < K

(3)

b. Kittler and Illingworth
Kittler and Illingworth present an algorithm that is based 

on the fitting of the mixture of Gaussian distributions and it 
transforms the binarization problem to a minimum-error 
Gaussian density fitting problem [6]. Assume that t is a 
threshold value used to segment the image into background 
and foreground, both of which are also modeled by Gaussian 
distributions, P g{t)  and P p {t)  , respectively. Define 

Pmix (0 ^ mixture of these two Gaussian distributions by

Pmix (0 =  (0  +  (1 -  OC)Pf (0 (4)

where CC is determined by the portions of background and 
foreground in the image.

B. Local Thresholding Methods:

a. Niblack Algorithm
Niblack’s algorithm calculates a pixel-wise threshold by 

sliding a rectangular window over the gray level image [4]. 
The computation of threshold is based on the local mean m 
and the standard deviation s of all the pixels in the window 
and is given by the following equation (5)

Tm,ack=rn + k^\— Y ^ { p , - m f

= m + k^ IM
NP

-m  - m  + k f P (5)

average value of the pixels p„ and k is fixed to -0.2 by the 
authors. Advantage of Niblack is that it always identifies the 
text regions correctly as foreground but on the other hand 
tends to produce a large amount of binarization noise in 
non-text regions also.

C. Proposed Thresholding Algorithm
In many application of image processing, the gray levels of 

pixels belonging to the object are substantially different from 
the gray levels belonging to the background. Thresholding 
then becomes a simple but effective tool to separate objects 
from the background. There are many methods for 
thresholding. All this algorithms have their own metrics and 
defects at the same time. Maximum between-class square 
error should be a good method to select proper threshold on 
the eondition that images must be processed on real time and 
the number of pixels in each class are close to each other. In 
nature, maximum classes square error belongs to Otsu 
method, which employs a criterion for maximizing the 
between-class variance of pixel intensity and can detect 
proper threshold. The antonym of Otsu is to pursue the 
maximum between-class variance, which can be viewed as an 
optimization problem [12]. Recently as it known from 
literature. Particle Swarm Optimization (PSO) algorithm is 
used to solve many of difficult problems in the field of pattern 
recognition [8]. Mence, we can employ PSO to deal with it.

a. PSO Algorithm
Let X and V denote the particle’s position and its 

corresponding velocity in search space respectively. At 
iteration K, each particle i has its position defined by

X  ■ = (.X;|, a' , 2  Xj„ ) and a veloeity is defined by

F,* =  (v ,|,v .2 ,.;.v,„) in search space n. Velocity and

position of each particle in next iterations can be ealculated 
using following equation (6) and (7)

v f  =  wv^j + c-,r, (pbest^j -  xjj )+ c^r 2 (gbest'‘ -  x * )

(6)

(7)

where k is the current iteration number,iv is inertia weight, 
Vjj is then updated velocity on the y"' dimension of the /**'

particle, c/ and are acceleration constants, c/ and are 
positive constant parameters, usually Ci = C2 = 2. r, and o  are 
the real numbers drawn from two uniform random sequences 
o fU (0 , 1).

The quality of solution is measured by the objective 
function. The fi..icss function f  (t) of each particle can be 
formulated as equation (8).

f i t )  = tWo (0 X ty, (/) X (//„ (0  -  //, (0)' ( 8)

Such that t is a gray level between 0 and 255 which can be 
obtained through the particle’s position, (f) is amount of

where NP is the number o f pixels in the gray image, m is the



pixels whose gray value is lower than t, <y, (f) is anioiiiit'of 

pixels whose gray value is higher than t, / / q (f) is the means

of pixels with gray value less than t, / / , ( / )  is the means of 
pixels with gray value more than t.

The algorithm starts by generating randomly initial 
population of the PSO. Every particle is initialized with 
locations and velocities. These locations composed the initial 
solutions for the optimal threshold. Next the particle’s fitness 
is calculated by the equation (8). The algorithm keeps an 
updated version of two special variables through out its 
execution, global best (gbest) position and local best (pbest) 
position. It compares different positions of a particle with its 
current position, in order to determine the local best position 
for every particle. The procedure of the proposed I’SO 
algorithm is described as follows;

Initialize N particles with random positions

..Xfj according to Eq. (6) and velocities Vj i = 1,

Percision = TruePositive
FalsePositives + TruePositives

These are combined into F-measure using the following 
equation

F — measure = 2. Re call.Percision 
Recall + Percision ( 11)

Let X ( i ,  j )  represent the value of the i*'’ row and j *  column 
pixel in the original image x and let y (i, j) represent the value 
of the corresponding pixel in the output image y. The local 
error is c{i,j) = x{i,j) — y {i,j)  and the total square error 
rate will be as in equation (12).

Step 1:

■̂ 1»^2 ’•
2,...N.
Step 2: Evaluate each particle according to Eq. (8).
Step 3: Update individual and global best positions, i f /  
(pbesti) < f  (Xj), thenpbesti = x„ and search for the maximum 
\ & \ \ i e amongf  (pbesti). I f  m s x f  (gbest) then gbest
= x man Xmax IS the particle associated with f„„x- 
Step 4. Update velocity: update the /th particle velocity using 
the Eq. (7) restricted by maximum and minimum threshold
Vmax and V/ftif! .
Step 5. Update Position: update the particle position using 
Eq. (6) and (7).
Step 6. Repeat step 2 to 5 until a given maximum number of 
iterations is achieved or the optimal solution so far has not 
been improved for a given number of iteration.

111. T e s t  AND RESULTS

The images are binarized by each of the binarization 
algorithm described in the above section. In order to mea ure 
the performance of these algorithms various evaluation 
metrics such as Precision, Recall, F-measure [7] and 
traditional measures of image quality description are used. 
Specifically, we used the square error (MSE), the signal to 
noise ratio (SNR) and the peak signal to noise ratio (PSNR) 
[5].

The true positives are those pixels that were black in the 
ground truth image and are still black in the binarized iinr :ze. 
The false positives were white in the ground truth image :.nd 
black in the binarized image. The false negatives are black in 
the ground truth image, but white in the binarized image. 
From these counts the statistics of the following are calcu L.ted 
[2].

Y L e { i , j f

MSE = —
MxN

( 12)

SNR is defined as the ration of average signal power to 
average noise power and for an MxN image is

sN iid b )= m o % ,’10

\  i<J

(13)

for 0 < / < M  - 1  and 0 < j < N - \ .  PSNR is defined 
as the ratio of peak signal power to average noise power

PSNR{db) = 10 log, D ^M N

Y j^ x {i,j)-y {i,j)f  
\  '•>

(1 4 )

for 0 < i < M — \ and 0 < j  < N — where D is the 
maximum peak-to-peak swing of the signal (255 for 8-bit 
images). We assume that the noise x{i, j )  — y(i, j )  is 
uncorrelated with the signal.

Table 1 shows the value of the evaluation metrics obtained 
for the proposed method and the other existing methods. From 
the table, we can observe that the performance of the 
proposed PSO method is better than the other methods. Fig 2. 
Shows the original images and the resultant binarized image 
obtained by various methods.

Re call - TruePositi ve
FalseNegatives + TruePosilives

(9)
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Figure 2: Original Image and Binarized Images using various algorithms

Table 1: The value of evaluation metrics for evei7  binarization technique concerning the image of Figure 1

Performance
Metrics

Otsu
Algorithm

Niblack
Algorithm

Kittler Met 
Algorithm

Proposed
Method

PSNR 18.878 16.516 7.61 19.322
SNR 30.688 30.86 33.668 30.72
MSE 28.988 37.86 107.02 27.94
Precision 0.4726 0.5816 0.7845 0.5120
Recall 0.4513 0.3170 0.0633 0.4818
F-Measure 46.1731 40.4879 11.7063 49.6418
Sensitivity 0.4513 0.3170 0.0633 0.4818
Specificity 0.9721 0.9764 0.9684 0.9731



IV . C o n c l u s io n

This paper has presented comparison of various 
binarization algorithms by measuring their performance by 
evaluation metrics. In this paper, a new binarization method 
based on Particle Swarm Optimization (PSO) is proposed. A 
total of four different binarization methods such as Otsu, 
Niblack and Kittler Met along with proposed PSO method are 
considered and evaluated by evaluation metrics. From the 
experimental result, we can infer that proposed PSO method 
shows good result when compared with other methods, since 
their PSNR, SNR measures are higher and the MSE is lower. 
The higher value of PSNR means that the quality of '.he 
binarized image is better. According to the results, I’roiwsed 
PSO method had the best overall performance with 
F-measures of 49.6418 which is higher when compared to 
other methods.
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