
Abstract 

This paper presents an efficient method for recog-
nizing printed Tamil characters exploring the inter-
class relationship between them. This is accom-
plished using Multiclass Hierarchical Support Vec-
tor Machines [Crammer et al., 2001; Weston et al., 
1998], a new variant of Multi Class Support Vector 
Machine which constructs a hyperplane that sepa-
rates each class of data from other classes. 126 
unique characters in Tamil language have been 
identified. A lot of inter-class dependencies were 
found in them based on their shapes.  This enabled 
the characters to be organized into hierarchies 
thereby enhancing the process of recognizing the 
characters. The System was trained using features 
extracted from the binary character sub-images of 
sample documents using Hu’s [Hu., 1962; Jain et 
al., 1996] moment invariant feature extraction 
method. The system fetched us promising results in 
comparison with other classifying algorithms like 
KNN, Bayesian Classifier and decision trees. An 
accuracy of 96.85% was obtained in the experi-
ments using Multiclass Hierarchical SVM 

1 Introduction 
Support vector machine [Burges, 1998;Cristianini et al., 
2000] is a training algorithm for learning, classification and 
regression rules from data. It is emerging as a very efficient 
learning methodology in Artificial Intelligence. Fundamen-
tally SVMs are binary classification algorithm with a strong 
theoretical foundation in statistical learning theory [Vapnik, 
1998]. Their ease of use, theoretical appeal, and remarkable 
performance has made them the system of choice for many 
learning problems. It is noted by [Cristianini et al., 2002] 
that the limitations in most of the non-SVM learning 
algorithms proposed in the past 20 years had been due to the 
fact that they were based, to a large extent, on heuristics or 
on loose analogies with natural learning systems. The new 
pattern-recognition SVM algorithms overcome such 
limitations with a strong underlying mathematical 
foundation.  

The most crucial stage in the process of Optical Character 
Recognition  (OCR) [Nagy, 1992] is that of recognizing the 

characters and classifying them. The other processes in-
volved include preprocessing activities like binarization and 
skew estimations. It is followed by major phases like Seg-
mentation and Feature Extraction. 

Every character in a language forms a class. Character 
recognition, thus, involves classification of characters into 
multi-classes. Of the 126 unique characters identified in 
Tamil language, inter-class dependencies were found within 
many characters due to the similarity in their shapes. This 
enabled them to be organized into hierarchies, thus enhanc-
ing and simplifying the process classification. Taking ad-
vantage of the inter-class dependencies within the character 
a hierarchical based classification is possible based on the 
views put forth by [Szedmak et al., 2005]. Combining both 
the views together, a Multiclass Hierarchical SVM algo-
rithm was devised and is understood to be very efficient 
methods for character classification. 

Experimental outcome of the algorithm fetched us better 
results compared to other classifiers like Multilayer percep-
tron, KNN, Naive Bayes, decision tree and other rule based 
classifiers.  The paper presents a detailed comparative study 
of the efficiency of the various classifiers. 

2 Multiclass formulation of the SVM with 
vector output 

We will now see how the multiclass formulation and inter-
pretation differs from classical binary SVMs. First, class 
labels are vectors instead of +1s and   –1s in the binary 
SVM.  Thus class labels in binary SVM belong to one di-
mensional subspace where as for Multiclass SVM class la-
bel belongs to multi-dimensional   subspace. Second, W that 
defines the separating hyper plane in Binary SVM is a vec-
tor. In Multiclass, W is a Matrix. We can imagine the job of 
W in two-class SVMs is to map the data/feature vector into 
one-dimensional subspace. In multiclass SVM, the natural 
extension is then, mapping data/feature space into vector 
label space whose defining bases are vectors.  In other 
words multiclass learning may be viewed as vector labeled 
learning or vector value- learning. 
 Assume we have a sample S of pairs 

 {( , ) :  ,   ,    1, . . . , }i i i y i xy x y H x H i m∈ ∈ =  independently and 
identically generated by an unknown multivariate distribu-
tion P. The Support Vector Machine with vector output is 
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realized on this sample by the following optimization prob-
lem.  
 

            
1 Tmin tr( )  
2

TC+W W e ξ  

Subject to  

             { | : , W is a  linear operator},( )H H yxφ →W W  

{ | },H y∈b b  bias vector 

{ |  }mH∈ξ ξ ,slack or error vector 

, ( ( ) + ) q  -  p , i = 1, . . . , m,i i i i iφ ξ≥y W x b  

0≥ξ                                         (1) 

 
where 0 denote the vectors with components 0. The real 
values iq  and ip  denote normalization constraints that 
can be chosen from the set of values 

{ }1, , ( ) ,  ( )i i i iφ φy x y x depending on the particular 
task. The bias term b can be put as zero because it has been 
shown in [Kecman et. al., 2005] that polynomial and RBF 
kernel do not require the bias term. To understand the ge-
ometry of the problem better, first we let  iq  and ip  be 1, 
then the magnitude of the error measured by the slack vari-
ables iξ  will be the same independently of the norm of the 

feature vectors. Introducing dual variables { }| 1,i miα = …  
to the margin constraints and based on the Karush-Kuhn-
Tucker theory we can express the linear operator W by us-
ing the tensor products of the output and the feature vectors, 
that is 
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The dual gives  
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Subject  to  
 
                { | },i iα α ∈\  

m
( )  = 0, t = 1, . . . ,dim( ),ti ii=1

H yα∑ y  

0,  1, , ,C i miα≥ ≥ = …  

where we write the output of inner products in the objective 

as kernel items ( ), ( ) ( , ) y
K Ki j i j i j i j
φφ φ =x x y y where 

stand for the elements of the kernel matrices for the feature 
vectors and for the label vectors respectively. Hence, the 
vector labels are kernelized as well. The synthesized kernel 
is the element-wise product of the input and the output ker-
nels, an operation that preserves positive semi-definiteness.  
The main point to be noted in the above formulation (1)  is    
the constraint equations.    
 
            , ( ( ) 1 - , i = 1, . . . , m,i i iφ ξ≥y W x  

       0iξ ≥ , i = 1, . . . , m,  

Here when we project ( )iφW x  onto iy  , we are restricting 
the resulting value to be always less than or equal to one. 
There seems to be no compelling reason for such a restric-
tion. So if we allow , ( ( ) i iφy W x  to take value around 1 

(both sides) the nonnegative restriction on iξ  goes out. Fur-
ther the inequality constraint  given below becomes equality 
constraint 
 
             , ( ( ) 1 - , i = 1, . . . , m,i i iφ ξ≥y W x  

 , ( ( ) 1 - , i = 1, . . . , m,i i iφ ξ=y W x  

 
The above change in turn necessitates 1-norm minimization 
term TCe ξ  in the objective function to take the two-norm 
form  1

2
T

Cξ ξ . The formulation given below (4) basically 
can be thought of an extension of the formulation given 
[Mangasarian et al., 2001] for a two-class SVM. 
 

1 1Tmin tr( )  
2 2

TC+W W ξ ξ  

 
Subject to 

 
{ | :   ,   linear operator},( )H H yφ →W W Wx  

{ |  }mH∈ξ ξ ,slack or error vector 

, ( ( ) ) 1 - , i = 1, . . . , m,i i iφ ξ=y W x   (4) 

 
Lagrangian is given by, 
 

1 1TL  =  tr( )  ( ( )-1+ )
12 2

mT TC i i ii
α φ ξ+ − ∑

=
W W y W xξ ξ  
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Solving for primal variables, 
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Substituting ( )
1

m T
i ii

α φ= ∑
=

W y x and 
C

α
ξ =   in the con-

straint (1), we obtain 
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Where  K = K K   y φ
 . *  

     I
(K ) e

C
+ α =  

             Q eα =  

 Where  I
Q (K )

C
= +                        (7) 

              1Q e−α =  
 
This leads to a closed form solution for SVM Training.  
Here α s   are unrestricted in sign and unbounded.   

3 Multiclass classification  
The multiclass classification can be implemented within the 
framework of the vector valued SVM. Let us assume the 

label vectors are chosen out of a finite set { y , , y }1 T

∧ ∧
…  in 

the learning task. The decision function predicting one of 
these labels can be expressed by using the predicted vector 
output [Shawe-Taylor et al., 2005] 
 

1 ,..., 1

( ) arg max ( , ) ( , )
m

y
i i it

t T
i

d x K Kφα
∧

=
=

= ∑ y y x x       (8) 

 
Now we are able to set up a multiclass classification.  In  
[Shawe-Taylor et al., 2005] following two rules for setting 
up labels are given.  

 1 if  belongs to category ,  1, . . . ,
( )

0 otherwise.     
i t t T

ti
=⎧

=⎨
⎩

y      (9) 

-1 if  belongs to  , 1,  . . . ,
( )

1 otherwise      
( -1)

T
i t t T

T
y ti

T T

⎧
=⎪

⎪=⎨
⎪−
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             (10) 

4 Hierarchical based learning 
Introducing the concept of hierarchical organizing of the 
characters, the above mentioned equation (10) can be repre-
sented as equation (11). The hierarchy is conceptualized 
manually wherein every child node holds no relationship or 
similarity with nodes other than its siblings alone.  The hier-
archy learning [Szedmak et al., 2005] is realized via an em-
bedding of each path going from a node to the root of the 
tree. Let V be the set of nodes in the tree. A path ( )  Vp υ ⊂  
is defined as a shortest path from the node υ  to the root of 
the tree and its length is equal to ( ) p υ . The set I = 

1,…., V gives an indexing of the nodes. The embedding is 

realized by a vector valued function : 
V

Vϕ → \ , and the 
components of  ( )ϕ υ  are given by  
 

r     if ( ),
( )

if ( )  ( ) ( )

pi
i k

sq p and k = p  pi i

υ υ
ϕ υ

υ υ υ υ

∉
=

∈ −

⎧ ⎫⎪ ⎪
⎨ ⎬
⎪ ⎪⎩ ⎭     (11)  

Where r, q, s are the parameters of embedding. The parame-
ter q can express the diminishing weight of the nodes being 

closer to the root. If q=0, assuming 00  = 1, then the inter-
mediate nodes and the root are discarded, thus we have a 
multiclass classification problem. The value of r can be 0 
but some experiments show it may help to improve the clas-
sification performance. This method was successfully ap-
plied to WIPO-alpha patent dataset and Reuters Corpus and 
were known to give good results against them. 
 

5 Experiments 
Tamil is a South Indian Language mainly spoken in south-
ern parts of India, Sri Lanka, Malaysia and Singapore. 
Tamil character set contains 12 vowels, 18 consonants and 
totally 247 alphabets.126 unique commonly occurring char-
acters in shape have been identified. Hierarchy is built based 
on the 126 characters as explained in the section 5.4. Thus 
the classification was to be done into 126 classes. The fol-
lowing flow chart Figure 1 describes the steps involved in 
preparing the features extracted for training the system and 
for classification thereby. 
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Figure 1: OCR process 

 

5.1 Preprocessing 
Documents were digitized and stored as gray scale Bitmap 
images. Binarization was performed based on a threshold 
value applied on the image. Since the scanned images were 
noise free to a considerable extent, a noise reduction tech-
nique was not required to be performed on the image. 

5.2 Segmentation 
Segmentation was performed in two phases. (i) Line seg-
mentation wherein each line in the document was seg-
mented using horizontal profile. (ii) Character segmentation 
wherein each character in the line was segmented using 8-
connected component analysis [Haralick et al., 1992]. The 
two phase approach was adopted based on a comparative 
study where this approach yielded a better result. 

5.3 Feature extraction 
Feature extraction involves extracting the attributes that best 
describe the segmented character image. Moment based 
invariants are the most commonly used feature extraction 
method in many applications. It explores information across 
an entire image and it can capture some of the global prop-
erties like the overall image orientation. Hu’s [Hu., 1962; 
Jain et al., 1996] moment invariant method was adopted 
since it is invariant to scaling, rotation and image transla-
tion. Seven invariant features were extracted based on the 
following non linear functions, 

( )
( ) ( )
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( )( ) ( ) ( )
( ) ( ) ( )
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2 2
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⎣ ⎦

 

 
Where pqη is ( )thp q+ order normalized central moment. 

5.4 Hierarchical labeling  
A lot of inter class dependencies were found in Tamil char-
acters based on their shapes. Many characters exhibit a lot 
of similarity with other characters. The feature values of 
such a pair of characters have a very minimal difference. 
Some examples of such character pairs are as shown in Fig-
ure 2. 
 

 
Figure 2: Similarity in shapes 

 
Taking advantage of such a property exhibited by the 

Tamil characters, the characters exhibiting similarity were 
organized into hierarchies which eased the process of classi-
fication. Figure 3 shows a hierarchical tree structure of some 
selected characters with similarity in shapes. 
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Figure 3: Hierarchical labeling 

 
Incase the character feature exhibits the property of a par-
ticular subclass, the classes not belonging to this hierarchy 
need not be considered for classification at all. Thereby a 
126 class classification problem can be broken down to a 10 
class or 8 class problem. This, to a large extent, enhances 
the accuracy and efficiency by increasing the inter-class 
differentiability factor. 

5.5 Training 
Training data set was generated by labeling the features 
extracted from the test character image, with the corre-
sponding class. A training dataset for a particular class, on 
average, contains 20 sample training data. 

6 Results 
Multiclass Hierarchical SVM turned out to be a very effi-
cient method in process of classification. The accuracy of 
the algorithm depended on two parameter settings (RBF 
Kernel parameter σ  and regularization parameter C). The 

form of RBF kernel used is 
2( )1 2e

σ− −x x . The system had to 
be fine tuned on these values in order to obtain a better ac-
curacy. Figure 4 shows the improving performance/accuracy 
of the system with the changing values of the parameters. 

70

75

80

85

90

95

100

-0.5 -1 -5 -3 -5 -5 -20 -10

0.5 0.5 0.5 0.5 0.9 1 1 1

Sigma and C

A
cc

ur
ac

y

 
Figure 4:  SVM Classifier Accuracy 

The accuracy rate yielded by the SVM classifier was 
quite commendable. Based on a comparative study per-
formed, Multiclass Hierarchical SVM showed better accu-
racy rate than many other classifiers used like Multilayer 
perceptron, KNN, Naive Bayes, decision tree and other rule 
based classifiers.  

The system was tested thrice using 3, 7 and 20 most simi-
lar characters respectively. The accuracy rate was calculated 
using 10 fold cross validation technique. Table 1 depicts the 
comparison values of the accuracy yielded by the various 
classifiers. 

 
 

Classifier Accuracy (%) with 

 3 char-
acters 

7 char-
acters 20 char-

acters 

Multiclass 
Hierarchical 

SVM 
96.85 96.23 96.86 

Multilayer 
Perceptron 91.8 95.45 93.43 

KNN 89.40 90.05 89.90 

Naïve Bayes 84.5 88.90 88.20 

Decision 
Trees 91.0 92.84 93.23 

 
Table 1: Comparison of classifier performances 

7 Enhancements 
• The system can be enhanced by including a module of 

Language heuristics wherein a character not leading to 
a particular class could be classified based on predic-
tions made using the general language grammar and 
rules. 

• Another enhancement possible is compiling a lan-
guage dictionary wherein in a situation of ambiguity, 
classification could be performed based on language 
semantics 

• Apart from the 126 characters identified here, there 
exist some ancient Tamil characters that are not used 
commonly. Such characters can also be taken into 
consideration for a broader aspect. 

• The system can also be extended to other oriental lan-
guages. We are planning to work on some Indian lan-
guages like Sanskrit, Hindi, and Malayalam etc., 
which exhibit the property of similarity between char-
acters in shapes and can be organized into hierarchies. 
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8 Conclusion 
The paper presented an efficient algorithm for classification 
of characters using Multiclass Hierarchical SVM, a variant 
of  Multiclass SVM. The system was applied for the recog-
nition of printed Tamil language characters. The experimen-
tal procedures are explained and the results listed out depict-
ing the efficiency of the system. The algorithm did prove 
more efficient than some of the commonly used classifiers. 
Some merits of our algorithm are: 

• Strong mathematical model foundation rather than 
heuristics and analogies. 

• Efficient in terms of accuracy in comparison with 
many commonly used classifiers 
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