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Abstract 

 

 In this study, we present two offline hybrid classification approaches for 

Indian (Arabic) handwritten numerals in effort to obtain higher reliability and 

classification rates than those obtained by single classifiers. Both methods 

work at the pixel level.  No feature extraction methods are used as the purpose 

of this study is to focus on classifiers. The first hybrid classifier introduced is 

the serial hybrid classifier. It consist of three consecutive single classifiers.  

The first level is Fuzzy C-Means classifier followed by Support Vector 

Machine for as second level when more details are required and finally 

confirmation of classification will be through unique pixels method which 

forms the third classification level. The second hybrid classifier is the parallel 

hybrid classifier. It fuses the decisions simultaneously obtained from a Fuzzy 

C-Means classifier with the decision of a Neural Network to obtain the final 

decision.  Both algorithms are tested on the CENPARNI Indian (Arabic) 

handwritten numerals dataset. The overall testing accuracy reported is 88%, 

89% for the serial hybrid classifier and the parallel hybrid classifier, 

respectively. The paper also reports the results obtained using different types 

of single classifiers and compares with the above mentioned hybrid classifiers 

results. It shows the superiority of the hybrid classifiers over single classifiers.  

 

Keywords-component; OCR; Handwritten Indian (Arabic) numbers; Fuzzy C 

Means; SVM, NN, Bayesian Fusion. 
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Introduction  
Optical Character Recognition (OCR) is the process of automatic recognition and 

identification of characters from images. Over the past 50 years, it has gone through 

major developments. Currently, OCR is implemented in many applications including 

data entry, signature identification and License Plate Recognition (LPR) [1]. OCR 

performance primarily depends on the quality of the input image; most of the existing 

OCR systems work with a very constrained character images and are still unable to 

provide a reliable accuracy under various conditions; thus, no comparisons can be 

made with human reading capabilities [2].  

Various OCR methods have been explored by scholars, including those based on 

template matching, Neural Network (NN), Hausdorff distance, Support Vector 

Machine (SVM), Hidden Markov Models (HMMs) and the probabilistic model. In 

template matching and Hausdorff distance methods, the character image is compared 

to templates (character images), and the image that has the minimum distance or the 

highest match is considered to have the same features of the character image. The 

distance between two images can be measured by Euclidean distance, Hausdorff 

distance [3, 4], Chamfer matching [5] and cross correlation. The correlation measure 

is achieved through Normalized Cross Correlation (NCC).  

Support Vector Machine based recognition was investigated by [6]. Four SVMs 

were used to classify characters and numerals. Results were then fed into 10 SVMs 

for numerals (0-9) and into 26 SVMs for characters (A-Z). A recognition rate of 97% 

was reported. SVM with SIFT descriptors was also investigated by [7], however SVM 

classifier is still very sensitive to noise. HMM was also used for character recognition 

[8]; however, the result was still not convincing compared with other methods.  

Data clustering which is a form of unsupervised learning has also been used in 

OCR literature for character classification. Basically, clustering is the classification of 

patterns or objects based on how similar or different they are from each other. Similar 

objects are considered to belong to the same group (cluster) while others will belong 

to some other groups based on a similarity measure such as the Euclidian distance. In 

general, clustering schemes are subdivided into two main categories namely, hard 

clustering and soft (fuzzy) clustering. Unlike the conventional hard clustering method 

which restricts each point of the dataset to exclusively belong to one cluster [9], fuzzy 

clustering allows the points to belong (be a member of) to more than one cluster with 

a certain degree of membership [10]. In the context of image segmentation, fuzzy 

clustering is proven to perform better than hard clustering when talking about real life 

images suffering from issues such as limited spatial resolution, poor contrast, 

overlapping intensities, and noise and intensity inhomogeneities [10].  Among the 

fuzzy clustering methods, Fuzzy C-Means (FCM) algorithm [11] is the most popular 

method used in image segmentation because it has robust characteristics for 

ambiguity and can retain much more information than hard segmentation methods 

[12]. 

FCM was introduced in [13], developed in [14], generalized in [11]. The FCM 

algorithm and its derivatives have been used successfully in many applications, such 

as pattern recognition, classification, data mining, and image segmentation [15].The 

algorithm is an iterative clustering method that produces an optimal c partition by 
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minimizing the weighted within group sum of squared error objective function [10]. 

According to [16], FCM is the fuzzy variant of K-means as it allows pixels to belong 

to multiple clusters with varying degrees of membership. It is also considered as an 

improvement over K-means when the data set cannot clearly subdivide into 

underlying partitions [15]. 

Recently, the issue of recognition of handwritten offline Arabic text and numerals 

has received more attention in literature.  Driven by the need to have real-life 

automatic systems to recognize, digitize, store and analyze handwritten Arabic 

documents, various efforts were directed towards coming up with a  reliable Arabic 

OCR system that can recognize handwritten numerals, numeral strings, legal amounts, 

letters, words, dates and symbols in Arabic language. For that reason, several 

databases for Arabic handwritten recognition were developed. Of these were the 

IFN/ENIT database which was developed in 2002 [17], and consisted of 26,549 

images of handwritten Arabic words, the AHDB database developed in 2003 [18] and 

consisted of handwritten words describing numbers and quantities used in checks and 

the Arabic Check Database developed in CENPARNI center in 2003 for the 

recognition of hand-written Arabic checks [19].   

A more recent effort to develop a standard Arabic databases resulted in the 

CENPARNI Arabic Dataset [20, 21] which aimed to serve as a standard 

comprehensive Arabic handwriting benchmark database. It includes datasets for Indian 

(Arabic) isolated handwritten numerals, Indian (Arabic) numeral strings, isolated 

Arabic letters, Arabic words and special symbols that are used in Arabic documents. It 

is worth  mentioning here that in the Arabic-script based  languages, such as Arabic, 

Urdu, Dari, Farsi, and Pashto, Indian numerals are used, as Arabic numerals are used 

in Latin scripts [20]. For this reason we refer to the Indian numerals used in Arabic 

documents as Indian (Arabic) numerals as they slightly differ from the Indian numerals 

used Urdu, Dari, Farsi, and Pashto. The KHATT database [22] is another 

comprehensive offline handwritten Arabic text database that is designed for the use in 

Arabic text recognition research, writer identification and verification research and for 

Arabic forms analysis research.   

A survey of the offline Arabic handwriting recognition efforts was given in [23]. 

The article discussed the research in the Arabic text handwriting recognition, at the 

time, in terms of the feature extraction methods, the classification and recognition 

techniques applied and the available databases. It also provided a comparison of the 

results of the Arabic text recognition but did not address the problem of numerals 

recognition. The problem of Indian (Arabic) numerals was addressed by many 

researchers with focus on the recognition of isolated handwritten numerals [20, 21, 

24, 25], connected numerical strings [20, 21], Arabic dates [20,21], and numerals in 

Arabic legal Documents and Checks [19]. 

An asymmetrical segmentation pattern to obtain a feature vector for handwritten 

Indian (Persian/Arabic) numeral was used in [26]. The feature vectors were fed to a 

Neural Network classifier with a reported recognition rate of 97.6 %.  The database 

used consisted of 730 digits written by 73 participants. A multiple feature/resolution 

scheme for Indian numeral recognition using Hidden Markov Models (HHMs) was 

proposed in [27]. The features used included gradient, structural, and concavity 
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features. An average recognition rate of 99% resulted from testing the scheme on    a 

database of 21,120 images obtained from 44 writers with an average of 48 samples per 

numeral.    

Gradient features were extracted  in [21]  from the Indian (Arabic) handwritten 

numerals of the CENPARNI Arabic dataset by convolving each pixel neighborhood 

with Roberts' Cross operators [28, 29] to calculate the gradient strength and gradient 

direction. Feature vectors were generated as a composition of the gradient strengths 

accumulated in different directions. The feature vectors were used for training and 

testing a Radial Basis Function SVM classifier system resulting in a recognition result 

of 97.29%. The same dataset was used in [20] for training and testing resulting in a 

recognition rate of 93.60%. The recognition system in [20] used a K-NN classifier with 

the same features used in [30] however instead of being extracted from handwritten 

Arabic numbers as in [30] they were extracted from handwritten Indian (Arabic) 

numbers. The feature vectors used in [30] were reduced resolution version (in the 

vertical direction and the horizontal) of the skeleton of the input number.   

A novel three-level approach for classification of isolated Indian (Arabic) 

handwritten numerals was introduced in [31]. After being cropped, resized and 

vectorized, the binary image vector of the handwritten numeral was fed to an FCM 

classifier stage followed by an SVM classifier stage to reduce the misclassification 

rate of the FCM.  Three SVM blocks were implemented in parallel to differentiate 

between digit pairs (0,1), (9,6) and (2,4). Finally, unique pixel method was applied as 

the third classification stage for the cases of (3, 6, 7, 8, 9). The unique pixel method 

decision was compared with decision of the first stage classifier (FCM) and the 

second stage classifier (SVM).  If their decision did not match with unique pixels 

method result, the second maximum of the FCM classifier ( the one with second  

degree membership) were then fed  to the SVM stage for cases (0,1,4,5, 0) and again 

to third level of  pixel locations for the cases (3,6,7,8,9) and so on. 

In this study, we extend our work in [31]. We present two hybrid approaches for 

the classification of isolated Indian (Arabic) handwritten numerals from images. The 

first is the serial hybrid classification approach which is the same three-level 

classification approach (FCM, SVM and Unique pixel method) introduced in [31]. 

The other one is the parallel hybrid classification approach which is based on 

Bayesian fusion of the decisions simultaneously given by an FCM classifier and a NN 

to result in final classification decision. The evaluations of our approaches were 

conducted on the CENPARNI Arabic database, particularly, the isolated Indian 

(Arabic) handwritten numerals database [20, 21] which has been widely used in the 

Indian (Arabic) handwritten numerals recognition literature. The paper also reports 

the results obtained using different types of single classifiers (on the same dataset) 

and provides a comparison with the results obtained by the above mentioned hybrid 

classifiers. It shows the superiority of hybrid classifiers over single classifiers. 

The rest of the paper is organized as follows: Sections II and III present our serial 

and parallel hybrid classification approaches for Indian (Arabic) handwritten 

numerals, respectively. The evaluations of the proposed approaches are given in 

section IV. Section V concludes with future work. 
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Serial Hybrid Classification Approach  
Unlike the numbers used in the rest of the world, the Indian (Arabic) numbers have 

not received much attention in the OCR literature. Here we present an algorithm for 

the classification and recognition of these numbers. It is a 3-level classification 

approach [31]. The first classification level uses FCM for clustering, the second level 

utilizes SVM and the third uses the unique pixel method as explained below: 

 

 

Fuzzy C-Mean Classifier 
Firstly, each digit image is converted to a binary form, cropped, resized to a 20 x 20 

matrix and then vectorized before being fed to an FCM classifier. The values for the 

elements of the 400 pixels vector will be either 0 or 1. Hence, the values of the 

prototypes for the training set using FCM will also be either 0 or 1 considering two 

clusters. In this case, the membership to prototypes will also be either 0 or 1.  

In this approach, the prototype vector (which is the cluster center) for each Indian 

(Arabic) digit  is forced to be the pixel by pixel average of all images corresponding 

to that digit across the  training set.  Figure 1 shows our training set average digit 

images for the numeric digits from 0-9. If all pixels in the dataset for a given numeric 

digit are 0 for the same pixel location i , then the average is 0 and the opposite applies 

for 1. In reality, this not true. It can be noticed most pixel location do not have 0 or 1 

for all images for location i due to the variations in the handwritten digits samples. 

We force the prototypes in location i to have the value of  v1i (mean of pixels) and 

v2i (1-mean of pixels). Each pixel xi will be associated to prototypes according to [11]: 
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Where m is the Fuzzification Coefficient (we use m=2).  

For the training dataset, each pixel i (i =1, 2,..., 400.) in the given numeric images 

set for digit j (j =0,1,2,..9) will have memberships to the v1i and v2i=(1- v1i) by ij1 and 

ij2 = (1-ij1), respectively. The average memberships nij1 and nij2 are then calculated 

by: 
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Where Nj is the number of images included in the training set corresponding to 

number (class) j.   

At the testing stage, the membership of each pixel in a digit image is calculated. 

This is done for all numbers (0-9). The memberships aij1 and aij2 = (1-aij1) of each 
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pixel to prototypes v1i and v2i are calculated using (1). Then using the average 

memberships nij1 and nij2 calculated in the training phase, the class memberships (ωj) 

of each image in the testing set are calculated by: 
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The recognized numeric will then be j0 as follows: 
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Support Vector Machine 
In order to reduce the misclassification rate of   FCM, we use the well-known SVM 

classifier as level-2 classifier. Three SVMs are implemented to differentiate between 

the similar Indian (Arabic) digits pairs (0,1), (9,6) and (2,4) which (as will be seen in 

the evaluations) have the highest FCM misclassification error because of the apparent 

similarity in their shapes. 

 

 

Unique Pixel Method 
The unique pixel method is applied as the third classification level. It works on 

determining the pixel areas that are unique to each digit.  So if unique pixels areas 

appear in the image, the digit is directly identified. These areas are used as identifiers 

for the classification of the corresponding digits. Figure 2 shows the unique pixels that 

exist in the images for each digit in the training data set. 

 

 

 
 

Fig. 1 Averaged images for handwritten Indian (Arabic) digits (0-9) 
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Fig. 2 Locations of unique pixels for the digits shown in figure 1 

 

From figure 2, it can be noticed that the Indian (Arabic) numbers (3, 6,7,8 and 9)  

have unique pixels (white areas) that only appear on them.  They are unique in the 

senses that they are different for each digit and therefore can be used as identifiers for 

the corresponding digits. On the other hand, it can be clearly seen that the images for 

digits 1,2,4,5 and 0 do not have such pixels and therefore, the unique pixel method 

cannot be used to identify them.  

The unique pixel method decision is compared with decision of the lower 

classifiers (FCM) and (SVM).  If their decision  do not match with unique pixels 

method result, the second maximum of the FCM classifier ( the one with second  

degree membership) will then be fed  to SVM for cases (0,1,2,4,6,9) and again to the 

third level of  pixel locations for the cases (3,6,7,8,9) and so on. Figure 3 shows the 

proposed algorithm. 

 

Arabic Numeric 
Image

SVM
(Level 2)

FCM
(Level 1)

J0=2,4,9,6,0,1?

JO=Jo(SVM)?

yes

no

Check Unique 
Pixels

(Level 3)

JO=JO (Unique 
Pixels)?

yes

no

yesno Numeric digit JO

 
Fig. 3 Flowchart for the Serial Hybrid Classifier (3-level classification) approach  
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It should be noted that moving from one classifier to another depends on the FCM 

decision. For example if the FCM classifies the input digit image as 9, then SVM is 

used to decide whether this digit is 9 or 6. If the SVM decision is 9 then the last level 

(unique pixels) is used to confirm the previous two classification levels decision 9. If 

one of the upper levels disagrees with FCM, the next highest membership will be 

considered and the same process will be carried on.  On the other hand, if the decision 

of FCM is 3, the SVM stage is bypassed and the unique pixels method is used to 

confirm whether the FCM 3 decision is right. If the unique pixels method decision 

disagrees with FCM decision, the next highest membership will be considered and the 

same process will be carried on. 

 

 

Parallel Hybrid Classification Approach 
The parallel hybrid classification approach we present in this paper is based on the 

principle of Bayesian data fusion.  The image of the Indian (Arabic) handwritten 

numeral is simultaneously fed to an FCM classifier and a feed forward NN. Their 

decisions are then fused using Bayes rule to obtain the final decision of this hybrid 

classifier.   The Bayesian fusion is explained as follows: 

For a certain input numeral the decision i.e. the output class given by the FCM 

single classifier can be modelled as the probability of the output class given that the 

classifier is the FCM classifier and is denoted by )|( FCMi wCp . Correspondingly, the 

output class given by the NN single classifier can then be modelled as the probability 

of the output class given that the classifier is the NN classifier and is denoted by 

)|( NNi wCp . It follows that the probability of the class 
iC  given the decision of both 

classifiers (the class posterior) is  denoted by ),|( NNFCMi wwCp . By Bayes rule: 
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Where 
iC denotes the class which can take a value from 0 to 9 and w denotes the 

type of the classifier. Noting that the decision of the FCM classifier is independent 

from the decision of the NN classifier, then the following simplifications apply: 
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which reduces (4) to: 
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Expanding the NN related term using Bayes rule:     
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Substituting (6) into (5) simplifies (4) to: 
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It can be seen from this result that the class posterior is actually equal to the 

product of the conditional probabilities of the class 
iC  across the single classifiers, 

scaled by constant )( iCp . Where )( iCp serves as a normalization constant to make 

),|( NNFCMi wwCp a valid probability density function [1, 32]. The class (Decision) with 

higher probability across the two classifiers is taken as the best classification result 

)},|({max NNFCMi

N

i wwCp for the input.  

The FCM algorithm will results in ten (first degree) memberships each 

corresponding to different class i.e. different Indian (Arabic) numeral. We take the 

degree of membership as the class probability of the FCM decision. Each FCM 

probability is multiplied with the probability of corresponding class in the NN. The 

product with higher value represents the final decision of the parallel hybrid classifier.  
 

 

Evaluation 
The algorithms presented in this paper are tested on the CENPARNI Indian (Arabic) 

handwritten numeral public dataset found here: (http://users.encs. 

concordia.ca/~kharma/ ExchangeWeb/Databases/ArabicDBases/). This set has 4640 

images. The dataset contain 10 folders labeled from 0 to 9. For each folder, 60% of 

images are used for training and 40% are used for testing. It should be noted here that 

there are many images in the set that cannot be visually recognized. The FCM 

classification rates for each digit over the training and testing datasets are shown in 

table I. The overall classification rates for training and testing dataset are 69.85% and 

71.72%, respectively. 

The detailed numbers of misclassification of each digit due to the use of FCM 

over the training set are given in table II. It can be clearly seen that the numeric digits 

6, 4, 0 and 1 have the maximum number of misclassifications. It can also be noticed 

that most of the images of digit 1 are misclassified as 0 and vice versa. Moreover, 122 

images of numeric 9 are misclassified as 6.   

 After applying the SVM and the unique pixel method over the FCM output the 

number of misclassifications for each digit considerably decreases as shown in table 

III. The resulting classification rates of our serial hybrid classification approach over 

the training set and the testing set are shown in table IV with an overall classification 

rate of 87.46 % over the training data and 88.18 % over the testing data. It should be 

noted that the lower classifier (FCM) gives a preliminary decision as the confirmation 

for this decision might come from the later  levels,  However,  for  some  cases (i.e. 5)  
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Table I FCM classification rates for each digit over the training set and the test set 

 
 

0 (٠) 

 

9 (٩) 8 (٨) 7 (٧) 6 (٦) 5 (٥) 4 (٤) 3 (٣) 2 (٢) 1 (١) 

Overall 

rate 

Training 0.78  0.37 0.66 0.67 0.99 0.68 0.97 0.80 0.58 0.46 0.6985 

Testing 0.80  0.42 0.78 0.61 0.99 0.76 0.99 0.82 0.60 0.39 0.7172 

 

 

the final decision comes from FCM. Table V shows the classification levels required 

for each numeric number to reach to a final decision.  

The resulting classification rates of our parallel hybrid classification approach 

over the training set and the testing set are shown in table VI with an overall 

classification rate of  91 % over the training data and 89 % over the testing data which 

shows a little improvement over the results of the serial hybrid classifier.  

The same experiment was conducted over several single classifiers namely, feed 

forward NN, KNN, Classification Trees and Naive Bayes classifier. The test result of 

the single classifiers are listed in in table VII.  It can be seen from the table that the 

results obtained by single classifiers are less than those obtained by the Hybrid 

classifiers. It is also clear that the fusion of the NN decision with the FCM decision 

has resulted in a classification rate that is higher than the classification rate of both the 

FCM classifier separately  and the NN separately. The above experiments show that 

Hybrid classifiers give better classification rates for the problem of classification of 

handwritten Indian (Arabic) numerals from images.  

 

 

Table II FCM Misclassification matrix 
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Indian (Arabic) digit in an image 

0 (٠) 9 (٩) 8 (٨) 7 (٧) 6 (٦) 5 (٥) 4 (٤) 3 (٣) 2 (٢) 1 (١) 

0 (٠) 0 0 0 3 1 4 2 1 1 31 

9 (٩) 0 0 1 0 122 0 9 1 1 0 

8 (٨) 0 2 0 0 41 0 3 0 0 0 

7 (٧) 0 2 0 0 26 0 14 7 0 0 

6 (٦) 0 0 0 0 0 0 2 0 0 0 

5 (٥) 4 1 9 0 51 0 13 1 2 2 

4 (٤) 1 0 0 1 5 0 0 0 0 0 

3 (٣) 0 2 0 2 28 0 14 0 2 0 

2 (٢) 2 2 0 0 29 1 40 19 0 0 

1 (١) 40 4 1 0 39 0 41 1 4 0 

SUM 47 13 11 6 342 5 138 30 10 33 
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Table III Serial Hybrid Classifier Misclassification matrix 

 

 Indian (Arabic)  digit in an image 

0 (٠) 9 (٩) 8 (٨) 7 (٧) 6 (٦) 5 (٥) 4 (٤) 3 (٣) 2 (٢) 1 (١) 

M
is

cl
as

si
fi

ca
ti

o
n

 R
es

u
lt
 

0 (٠) 0 0 0 1 0 4 0 2 1 4 

9 (٩) 7 3 0 0 14 0 7 2 4 0 

8 (٨) 2 11 0 0 2 1 0 21 0 4 

7 (٧) 0 3 0 2 17 0 8 0 10 5 

6 (٦) 1 1 0 1 0 0 0 0 0 1 

5 (٥) 5 0 1 0 0 0 26 4 13 3 

4 (٤) 0 0 0 0 0 0 2 0 0 0 

3 (٣) 0 5 0 0 13 0 9 7 8 6 

2 (٢) 0 1 0 0 0 0 1 1 2 3 

1 (١) 0 0 1 0 0 0 7 1 3 3 

SUM 15 24 2 4 46 5 60 38 41 29 

 

 

Table IV Serial Hybrid Classifier rates for each digit over the training and test sets 

 
 0 (٠) 9 (٩) 8 (٨) 7 (٧) 6 (٦) 5 (٥) 4 (٤) 3 (٣) 2 (٢) 1 (١) Overall rate 

Training 0.94 0.93 0.94 0.67 0.99 0.80 0.98 0.82 0.82 0.85 0.8746 

Testing 0.89 0.96 0.96 0.65 1.00 0.85 0.98 0.87 0.84 0.79 0.8818 

 

Table V The number of classification levels for each Indian (Arabic) number. 

 
Number FCM SVM Unique pixels 

0 (٠) X X  

9 (٩) X X X 

8 (٨) X  X 

7 (٧) X  X 

6 (٦) X X X 

5 (٥) X   

4 (٤) X X  

3 (٣) X  X 

2 (٢) X X  

1 (١) X X  

 

 

Table VI Parallel Hybrid Classifier rates for each digit over the training and test sets 
 

 0 9 8 7 6 5 4 3 2 1 Overall rate 

Training 0.89 0.96 0.99 0.92 0.97 0.92 0.99 0.95 0.87 0.82 0.91 

Testing 0.86 0.92 0.92 0.86 0.95 0.88 0.95 0.92 0.78 0.73 0.89 
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Table VII Single stage classifier classification rates for each digit over the test set 

 
Classification Method Result 

NN 0.8672 

KNN 0.8719 

Classification Trees 0.7854 

Naive Bayes 0.7854 

FCM 0.7172 

 

 

Conclusion and Future Work 
In this paper we have presented two hybrid approaches for the classification of Indian 

(Arabic) handwritten digits. The first hybrid classifier introduced is serial in the sense 

that it consist of three consecutive classifiers.  The lower level is FCM classifier 

followed by SVM classifier as second classification level when more details are 

required and finally the classification is confirmed by the unique pixels method which 

forms the third classification level. The second hybrid classifier is a parallel one in the 

sense that it fuses the decision obtained from the FCM classifier with the decision of a 

Neural Network to obtain the final decision. The overall testing accuracy reported are 

88% and 89% for the serial hybrid classifier and the parallel hybrid classifier, 

respectively. 

In future we plan to use other clustering methods such k-means and competitive 

Neural Networks to compare with the performance of the FCM classifier. We also 

intend to fuse the output of different classifiers and apply other post processing 

techniques in order to improve the classification rates.  
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