
International Journal on Advances in Engineering Technology and Science 
Volume: 2, Issue: 3, May-June 2016, e-ISSN: 2455-3131 

© 2016, IJAETS   13 

Handwritten Malayalam character recognition with a 
novel gradient based feature descriptor and a 

comparative study using SVM and ELM 

Jomy John1, Kannan Balakrishnan2, Pramod K. V.3 

1Department of Computer Science, KKTM Government College, Pullut, Kodungallur, Kerala, India 
2,3Department of Computer Applications, Cochin University of Science and Technology, Kochi, Kerala, India 

1jomyeldos@gmail.com 
2bkannan@cusat.ac.in 

3pramod_k_v@cusat.ac.in 

 

Abstract— Handwritten character recognition is a 
fascinating area of research over a past few decades. In 
this paper, we propose a novel gradient based feature 
descriptor for extracting features from the character 
images and classifying these images using support 
vector machines (SVM) and extreme learning machines 
(ELM). Strength of quantized directional information 
from gradient image, extracted using horizontal, 
vertical and two diagonal filters are used as feature 
descriptor. The system compares the results obtained 
through SVM and ELM in terms of classification 
accuracy and time complexity. Experimental 
evaluation is carried out on a database of 14800 
handwritten Malayalam characters of 74 classes. 
Empirical results convey that the feature descriptor is 
efficient in selecting salient features from the images. It 
also proves that SVM outperforms ELM in terms of 
classification accuracy. The learning time and 
classification time of ELM is extremely less compared 
to SVM.  

Keywords— handwritten character recognition, gradient, 
Malayalam, extreme learning machine, support vector 
machine 

I.  INTRODUCTION 

Handwritten character recognition (HCR) is a fascinating 
and challenging area of research over a past few decades. 
It is the task of automatically identifying the character 
written by a person. Depending on the way in which the 
handwritings are acquired, this task can be classified in to 
offline and online. In the latter, the data is acquired during 
the writings on an electronic surface with a special pen, 
while in the former the data is acquired by the scanner 
after the writing process is over. The recognition of 
offline-handwritings are more difficult than on-line due to 
the presence of noise in the image acquisition process and 
due to loss of temporal information such as the writing 
sequence and velocity, which are very helpful in the 
recognition process [1]. In this work, we are interested in 
the offline recognition, whose application domain include, 

bank check processing, and mail sorting, reading of 
commercial forms etc. 

Most of the studies in HCR include basic characters, 
numerals or modifiers separately, whereas in a real 
document all these characters are present together. Also 
there is no published work on pure consonants and 
compound characters in Malayalam language. So we 
decided to incorporate all these together in our dataset 
even though it creates a large set of symbols which makes 
the classification task more complex.  To the best of our 
knowledge, this is the first work using all of these classes.  
Malayalam alphabets are comparatively complex in nature 
and there is existence of similar characters with little 
difference in shape. To attain sufficiently high recognition 
accuracy, salient features has to be extracted from the 
character samples. For this, we introduce a novel feature 
descriptor, based on gradient of gray scale images. This 
feature is simple and easy to compute and represents 
distribution of pixels in the character image very 
efficiently so as to discriminate them from similar classes. 
The time required to compute the feature is only 0.078s for 
an image of size 100x100.   

For classification,  Artificial Neural Networks (ANN), 
from late 1980s [2] and Support Vector Machines (SVM) 
from late 1990s [3] are successfully applied. SVM 
provides generalization performance through structural 
risk minimization as opposed to empirical risk 
minimization of ANN. SVM can achieve high 
generalization accuracies when trained with large number 
of samples [4]. More recently, a new classifier, namely, 
Extreme Learning Machine (ELM) [5], is available for 
training of single layer feed forward neural network. ELM 
randomly chooses input weights and analytically 
determines the output weights of the network. In theory, 
this algorithm tends to provide a good generalization 
performance with much shorter learning time. ELM has 
been applied to a wide variety of problems [6-10] as a 
promising classifier. In this paper, we investigate the 
effectiveness of constrained optimization based ELM and 
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compare its performance with the well-established SVM 
classifier with Gaussian kernel. Although comparative 
analysis between these two classifiers are conducted for 
general regression and classification problems [5, 7, 11] 
such a study in handwritten character recognition context, 
where there are large number of classes, has not been done 
so far. We compare the performance of these two 
classifiers in terms of classification accuracy and time 
complexity. Empirical results reveal that SVM 
outperforms ELM and the performance of SVM is not 
affected by the dimension of feature space, but the 
learning and testing time of ELM is less compared to 
SVM.  

The main contributions of this paper are:  

1. Introducing a new feature descriptor to discriminate 
character images 

2. Providing a comparative analysis between SVM and 
ELM in terms of classification accuracy and time 
complexity for a large class classification problem. 

The organization of this paper is as follows. Section 2 
provides a literature survey related to the present problem; 
section 3 demonstrates the methodology used; section 4 
describes experimental setup; section 5 depicts and 
discusses the results and the final section concludes the 
paper. 

II. RELATED LITERATURE 

Performance of HCR greatly depends on the 
characteristics of the language. HCR on Malayalam script 
was started only recently and studies are conducted 
basically in the basic characters of the language. In [12], 
chain code and image centroid features were extracted and 
a two layer feed forward network with scaled conjugate 
gradient were used for classification of Malayalam vowels 
and recognition accuracy reported was 72.1%.  In [13], 
local binary pattern descriptors were used for finding 
matching and retrieval of similar Malayalam vowels. In 
[14], the authors proposed a multi resolution recognition 
scheme for unconstrained handwritten basic characters 
using approximation coefficients at different levels of Haar 
wavelet. SVM with Gaussian kernel was used for 
classification and the recognition accuracy was 90.25%. 

All these studies were limited to just basic characters [15].  
In this paper we are evaluating a large number of classes 
consisting of vowels, consonants, pure consonants and 
compound characters of Malayalam language. Recognition 
task becomes more difficult since there are large numbers 
of classes compared to the works in basic characters. 

III. METHODOLOGY 

A.  Feature Extraction 

Gradient features are one of the most popular and efficient 
directional features successfully used on character 
recognition problems [16-18]. The gradient of an image f 
is defined as a vector [gx gy]T , pointing to the direction of 
the greatest rate of change of f at location (x, y). Strength 

(G) and direction (


) of gradient at location (x, y) is 
defined as, 
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Fig. 1  Sobel operators 

Computation of feature descriptor (HVF) 

Step 1: Standardize the gray scale image by 
 mapping mean and maximum to 0 and 1, 
 respectively after resizing the image to 100 x 100 

Step 2: Compute the gradient image G(x,y) and  

 ),( yx  using Eq.1 and Eq. 2  
Step 3:  Divide the input image into 10 x10 meshes. 

 Quantize the direction of gradient into 32 
 equal-angle ranges and calculate the strength of 
gradient accumulated in these 32 gradient 
directions in each mesh 
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Step 4: Reduce the spatial resolution 10x10 to 5x5 and 
reduce the directional resolution  from 32 to 16 
each with Gaussian filter. 

Step 5: Box-cox transformation[4] 4.0,  pxy p

  is 
applied to the feature descriptor  obtained from 
step 4.  

Now, we have 16 features in each 25 blocks. i.e., 400 
features for an image.  This feature descriptor captures the 
directional information providing weight in the horizontal 
and vertical direction. 

Computation of feature descriptor (FBF) 

Instead of just finding gradient information in horizontal 
and vertical directions, another operator that provides 
emphasis on the forward and backward diagonal direction 
is also evaluated. Diagonal operator can be evaluated using 
Robert’s [17] or Sobel’s. We prefer Sobel’s diagonal 
operator over Robert’s diagonal operator as the former 
involves more neighbors and hence generate better results. 
For this, filter masks in Fig. 1 (a) are modified to reflect 
strong responses along the diagonal directions (Fig. 1(b)), 
and it is computed as: 

 
 
 
 
 
(3) 
 

For computing FBF, repeat steps 1-5 in which gradient 
image in step 2 is computed using Eq. 1 and Eq. 3. 
 
Computation of feature descriptor (SSF) 

Both HVF and FBF have the discriminating power. But 
they both fail to perform well in the case of similar classes.  
So a novel feature descriptor SSF is created by convolving 
each pixel neighbourhood with all the four templates in 
Fig. 1, resulting in a concatenation of HVF and FBF. Plot 
of this feature descriptor for two typical samples of class 1 
and class 74 are displayed in Fig. 2, where a detailed 
description of classes is provided in section 4. As SSF 
gives importance to horizontal, vertical and both diagonal 
directions, its discriminating power gets enhanced. The 
total number of operations per pixel is just 
2(3x3)+2(3x3)=36. The only problem with this feature is 
its dimension, which could be controlled by the mesh size 
and the number of directions. Mesh size should be small 
enough to capture the local directional characteristics of 
the image yielding a large dimension. But this 
dimensionality can be reduced using any dimensionality 
reduction technique. Here we have employed Principal 
component analysis (PCA) [19] to reduce the 
dimensionality  by transforming the data set to a new set of 
variables, called principal components. These components 
are uncorrelated and ordered so that the first few retain 
most of the variation present in the original set of variables 

and we have reduced the dimension to 386 which retains 
95% of total variance. 

 
Fig. 2  Feature vectors of two typical samples of  (a & b) 

character അ (/ah/) of class 1;  (c & d) character  വവ് (/vva/) 
of class 74 

B.  Classification 

For classification Support Vector Machine classifier and 
Extremen Learning Machine Classifiers are used 
 
Support Vector Machine 
 

SVM is one of the popular techniques for pattern 
recognition and is considered to be the state-of-the-art tool 
for linear and non-linear classification [22]. It has been 
found to have empirically good performance in solving 
many application problems. It was originally proposed for 
binary classification and constrained optimization 
techniques are used to find a separating hyper-plane that 
maximizes the margin of two different classes minimizing 
the training errors.  For non-linear classification, the 
training data are mapped into a higher dimensional feature 
space through a nonlinear feature mapping function φ(x) 
before finding the separating hyper-plane.  Given a set of 

training data 
( , ), 1,...,i ix t i N

where 
d

ix R  and 

 1,1it  
,  the support vector machine require the 

solution of the following optimization problem [30]. 
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where C is the soft margin parameter and i
 is a slack 

variable.  The decision function of binary SVM has the 

form
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training data with it  is its class label, i  is the Lagrange 
multiplier to be computed by the learning machines. 

Even though, SVM was originally proposed for binary 
classification, it can be applied to multiclass problems 
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using one-against-all (OAA) and one–against-one (OAO) 
classification strategy [20]. OAA consists of m SVMs, 
where m is the number of classes. The ith SVM is trained 
with all of the samples in the ith class with positive labels 
and the remaining m-1 classes with negative labels. OAO 
consists of m(m-1)/2 SVMs, where each is trained with the 
samples from two classes only.  

Extreme Learning Machine 

A new learning algorithm called extreme learning machine 
has recently been proposed for single-hidden layer feed 
forward neural networks (SLFNs) to easily achieve good 
generalization performance at extremely fast learning 
speed. ELM proposes to apply random computational 
nodes in the hidden layer, which may be independent of 
the training data. It aims to reach the smallest training 
error but also the smallest norm of output weights. 
According to ELM theories [5, 21] all the training data are 
linearly separable by a hyper plane passing through the 
origin with probability one in the ELM feature space. 

The output function of ELM for generalised SLFNs for 
single output case is 





L
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ii xhxhxf
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,where i  is the output 

weight from the ith hidden node to the output node and  
)(xhi  is the output of the ith hidden node with respect to 

input x; 
T

L ],...,[ 1   ; )](),...,([)( 1 xhxhxh L . 
h(x) is used to map d-dimensional input space to L-
dimensional hidden layer feature space H.  For binary 
classification applications, the decision function of ELM is  

))(()( xhsignxf   

Different from traditional learning algorithms, ELM 
minimizes the training error as well as the norm of the 
output weights [29]   
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Minimizing the norm of the output weights  is actually 
maximizing the distance of the separating margins of the 

two different classes in the ELM feature space: 
2

  

where  can be solved as: 

TH   

where 
H  is the Moore-Penrose generalise inverse of 

matrix H. Different methods can be used to calculate the 
Moore-Penrose generalized inverse of a matrix.  
 
Constrained Optimization based ELM 
 
The classification problem of ELM with multi output 
nodes can be formulated as  

Minimize: 
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 is the training error vector of m 

output nodes with respect to the training sample ix
. For 

equally constrained optimization based ELM [5], different 

solutions can be formulated to solve concerning the 
efficiency in different size of training datasets.  
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If the number of training samples is not huge, one can use 
Eq. 5 and if the number of training samples is much larger 
than the dimensionality of the feature space, Eq. 6 is 
preferred. In this paper, the number of training data is 
larger than the dimensionality of the feature space. Hence 
Eq. 6 is applied. In these two cases, the output function of 
ELM classifier is solved as Eq. 7. According to [22], we 

can write )],,(),...,,,([)( 11 xbaGxbaGxh LL where 

),,( xbaG  is a nonlinear piecewise continuous function 
satisfying ELM universal approximation capability 

theorem and 
  L

iii ba 1,  are randomly generated. 

For binary classification case, ELM uses a single output 
node and the class label closer to the input data is chosen 
as the predicted class label. For multiclass classification 
there are two solutions (i) ELM uses only a single output 
node and among the multiclass labels, the class label 
closest to the output value is chosen as the predicted class 
label (ii) ELM uses multi output nodes and the index of the 
output node with the highest output value or chosen as the 
predicted class label.  
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IV EXPERIMENTAL SETUP 
 

For SVM classification we have used LIBSVM [23] and 
the code can be downloaded from the webpage: 
http://www.csie.ntu.edu.tw/~cjlin/libsvm.  LibSVM 
supports multiclass classification with one against one 
(OAO) method. Efficient Gaussian kernel function 

2
( , ) exp( )k u v u v  

 is used as the kernel. 
Generalization performance of SVM classifiers usually 

depends closely on the combination of (C,  ). The values 
are selected from the range  C=[2-5  2-3  2-1  21  23  25  

27  29  211 213   215] and 


=[2-15  2-14  2-13  2-12  2-
11  2-10  ...   21  23  ] using grid search and cross 
validation.  
 
For ELM classification [5], we have used the code 
downloaded from http://www3.ntu.edu.sg/ 
home/egbhuang. 
  

Sigmoid ( , , ) 1/(1 exp( ( . )))Gab x ax b    and Gaussian type 

activation function 
)exp(),,(

2
axbxbaG 

 is used in 
ELM. The number of hidden node L and the parameter C 
for ELM is chosen from the range L=[500 1000 1500 2000 
2500 3000 3500 4000] and C=[218  212  26  20  2-6  2-12  
2-18].  
 
The feature descriptors HVF, FBF and SSF are normalized 
to the range [-1   1] before inputting to the classifier.  
 
All the experiments are carried out on PC Intel ® Core™i3 
CPU M 370 @ 2.40GHz processor and 4 GB RAM; 
MATLAB 7.8.0 (2009a) environment. 

Language Description  

Malayalam is one of the ten major Indian scripts, spoken 
by around 33 million people in Kerala, Lakshadweep 
islands and Mahe [15]. It is ranked as the eighth in the list 
of most popular languages in India. The language consists 
of vowels (swarangal,സ്വരങ്ങള് ) and consonants 
(vyanganagal,വ്യഞ്ജനങങ്ള് ) called basic characters. 
Apart from basic characters, there are pure consonants 
(chillaksharangal, ചിലല്ക്ഷരങങ്ള് ) and compound 
characters (koottaksharangal, കൂട്ടക്ഷരങ്ങ ള് ). Pure 
consonants are a unique property of Malayalam among 
Indian languages, which is derived from basic consonant 
units. Compound characters are formed as combination of 
two consonants that has complex orthographic structure. 
Two types of compound characters occur in Malayalam: 
one vertically compounded and the other horizontally 
compounded. There exist many similar characters with 
little difference in their shape.  

Dataset Description 

Any recognition algorithm requires a dataset for its 
evaluation. Data used for the present work were collected 
from different persons of the population in Kerala, 
including different age groups, different educational levels 

etc without imposing any constraints. People are allowed 
to write with their own writing instrument on the sheet. So 
it represents wide variety of writing styles.  

Digitization of collected samples are done by a Flat-bed 
scanner (manufactured by HP, Model Name: Scanjet 
2400), by setting dpi to 300.  This dataset contains 1991 
vowels, 9045 consonants, 1498 pure consonants and 6100 
compound characters. For uniform distribution of samples 
per class, 150 samples per class of 74 are randomly chosen 
to create the training database and from the remaining set, 
50 samples are randomly chosen to create the testing set. 
Training set contains 11100 samples and test set contains 
3700 samples and the size of the whole dataset is 14800. 
Random permutations of samples are performed both on 
training set and testing set. The training set and testing set 
are disjoint and the same training set and testing set are 
used throughout the experiments. Fig. 3 depicts 
handwritten samples of all characters from the dataset 
along with their class reference. 

 

 
Fig. 3 Some handwritten samples from the dataset for all 

classes along with their class reference 
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V RESULTS AND DISCUSSION 

The experiments were conducted on three sets of features 
namely HVF, FBF and SSF as explained in section 3. 
Even though these features could be extracted from gray 
scale as well as binary images, we conducted the 
experiments in gray scale so as to avoid artefacts 
introduced due to binarization. Box-cox transformation 

pxy  was applied to the feature set as it improves 
classification performance, where the value of p was 
experimentally selected from the range [0.1 0.2 ... 0.9] and 
optimized to 0.4. 

 
Fig. 4 Parameter tuning for SVM 

 
For SVM, Gaussian kernel was used and the parameters 
are selected using grid search as specified in section 4. 
Contour plot describing the parameter selection is depicted 
in Fig. 4. The optimal parameters obtained were C=8 and 
 =0.008.  

For ELM, the experiments were conducted with sigmoid 
and Gaussian activation function for the specified values 
of C and L and the result is depicted in Fig. 5 and Fig. 6 
respectively. The optimal values were obtained with 
L=4000 and  C=2-6  for sigmoid and C=2-12 for Gaussian 

activation function. From Fig. 5 and Fig. 6, it was clear 
that ELM with sigmoid activation function yield better 
performance to Gaussian activation function. Therefore 
sigmoid is suggested as an activation function in this 
problem and further experiments were conducted with this 
function. The number of samples used for training and 
testing were 11100 and 3700 respectively.  Each 
experiment was repeated 10 times with HVF, FBF and 
SSF using the same training and testing set and the 
average classification result was shown in Table 1 and the 
notations used were explained in Table 2.  

    
 

Fig. 5 Parameter tuning for ELM with sigmoid activation 
function 

 

  
 

Fig. 6 Parameter tuning for ELM with Gaussian activation 
function 

 
Table 1: Classification result of SVM and ELM in original dimension 

FS dimF SVM  (C=8, γ=0.008) ELM (C=2-6 , L=4000) 
$train $test %train %test $train $test %train %test 

SSF 800 511.31 92.23 99.98 93.520 65.255 3.744 99.167 87.802 
HVF 400 213.21 47.37 99.98 90.675 59.912 2.551 98.604 85.08 
FBF 400 207.40 47.47 99.97 90.756 59.772 2.551 98.620 86.05 

 
FS dimF SVM  (C=8, γ=0.008) ELM (C=2-6 , L=4000) 

$train $test %train %test $train $test %train %test 
SSF 800 511.31 92.23 99.98 93.520 65.255 3.744 99.167 87.802 
HVF 400 213.21 47.37 99.98 90.675 59.912 2.551 98.604 85.08 
FBF 400 207.40 47.47 99.97 90.756 59.772 2.551 98.620 86.05 

 
 

Table 2 : Some commonly used notations 
Notation Meaning 
dimF Feature dimension 
FS Feature set 
$train Training time in seconds 
$test Testing time in seconds 
%train Training accuracy 
%test Testing accuracy 

 

The feature set SSF gave significantly superior result to 
HVF and FBF by both classifiers. SSF gave an accuracy of 
93.52% with SVM, which is 2.85% and 2.76% higher than 
HVF and FBF while it was 2.72% and 1.75% higher with 
ELM. The time required to compute SSF for an image was 
just 0.078s. There exists no other work with 74 classes on 
this language to compare our work.  The only work in 
HCR context with large number of classes is in Bangla, an 
Indian language, in which the authors used chain code and 
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grouping with a recognition accuracy of 89.9% for 69 
classes [24]. We got a better result of 93.52% with more 
number of classes. 

We observed that the classification accuracy of ELM was 
inferior to that of SVM. Zheng, W [8] suggested that the 
number of hidden nodes  should be ten times greater than 
feature dimension. Since we couldn’t increase the number 
of hidden nodes further due to out of memory error 
induced by ELM, we resort a technique called PCA by 
which we could reduce the feature dimension.  Since SSF 
dominates both HVF and FBF, experimental comparison 
between SVM and ELM was conducted using SSF. We 
repeated the experiment in the PCA feature space with 
varying dimension. The performance plot comparing these 
two classifiers in PCA feature space was shown in Fig. 7. 
Accuracy of SVM was not very sensitive to the dimension 
feature space and its performance was found to be better 
even in lower dimension. The accuracy was stable until the 
dimension goes below 100. This is justifiable as this 
feature could capture only 77.15% of variance.  For ELM, 
the accuracy improves slightly in reduced dimension and 
then diminishes when the dimension reaches below 100. 
For all these features, the number of hidden nodes was set 
to 4000. 

 
Fig. 7 Comparison of testing accuracy between SVM and 
ELM with varying feature dimension (dimensionality is 

selected after PCA) 

Since the number of hidden nodes has a correlation with 
number of dimensions, we conducted another experiment 
by fixing C=2-6 and the number of dimensions to 386. 
This dimension is enough as it captures 95% of variance. 
Generally the performance of ELM increases with the 
number of hidden nodes. From the result (Fig. 8), it was 
observed that recognition accuracy improves from 78.28% 
to 89.11% by increasing L from 500 to 5500. It was also 
noted that in ELM, when the dimension of features are 
being reduced, the complexity of classifier decreases and 
this results in better performance.  

 
Fig. 8 Performance of ELM with sigmoid with varying 

hidden nodes 

 
We have also compared the time taken by the classifiers 
against feature dimension (Fig. 9).  
 

 
Fig. 9 Comparison of training and testing time between SVM 

and ELM with varying feature dimension 
(Dimensionality is selected after PCA) 

The training and testing time of ELM was steady in the 
range of 60-70s and 1.39-4.3s respectively. In the case of 
SVM, the training time increased rapidly with respect to 
the feature dimension and it was about 28.5s for a feature 
of dimension 25 and 449.5s for a feature of dimension 
800. SVM took large amount of time where as the time 
taken ELM was negligible for both training and testing. 

VI CONCLUSION 

In this paper, we proposed a new feature descriptor for 
handwritten Malayalam character recognition based on 
gradient operators, which provides emphasis on 
horizontal/vertical and diagonal direction improving the 
recognition accuracy. In this work, we have used larger set 
of classes consisting of vowels, consonants, pure 
consonants and compound characters and it is the first 
work on pure consonants and compound characters. The 
number of classes used is 74. We obtained an encouraging 
result in this large class classification problem with the 
new feature descriptor.  

For classification, the ability of two different classifiers, 
SVM and ELM is compared. ELM is fast in learning and 
testing but empirical results reveal that SVM outperforms 
ELM in this problem. In SVM, the training time increases 
impulsively with increase in feature dimension whereas in 
ELM a steady increase is observed.   

The results obtained are encouraging considering the 
complex shapes of character images and the large number 
of classes in the dataset. Performance comparison between 
SVM and variants of ELM such as regularized ELM, 
kernel based ELM are remain as future work. 
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