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Abstract:We present in this paper a framework for handwritten Gujarati digit recognition using Sparse Representation 

Classifier. The classifier assumes that a test sample can be represented as a linear combination of the train samples from its 

native class. Hence, a test sample can be represented using a dictionary constructed from the train samples. The most sparse 

linear representation of the test sample in terms of this dictionary can be efficiently computed through 𝑙1-minimization, and 

can be exploited to classify the test sample. This is a novel approach for Gujarati Optical Character Recognition, and 

demonstrates an accuracy of 80,33%. This result is promising, and should be investigated further. 
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1. Introduction  
 

Optical character recognition (OCR) is verypopular 

research field since 1950‟s, and a large number of 
researches has been devoted to this subject. Character 

recognition systems offer potential advantages by 

providing an interface that facilitates interaction 

between man and machine, these systems are based on 
algorithms consisting essentially of three essential 

phases: pretreatment, feature extraction and 

classification. 
The classification of digital documents is a complex 

task in a document analysis flow. The number of 

documents resulting from the OCR retro-conversion 

(optical character recognition) makes the classification 
task harder. In the literature, different features are used 

to improve the classification quality; one of the most 

recent is sparse representation. This method received a 
great deal of attentions in recent years.One basic idea 

in compressed sensing is that most signals have a 

sparse representation as a linear combination of a 
reduced subset of signals from the same space. 

Naturally the signals tend to have a representation 

biased towards their own class, i.e. the sparse 

representation is mainly formed from samples from its 
own class. This is the starting point for Sparse 

Representation based Classification (SRC)[1], which 

proved to be a state-of-the art method for face 
recognition. 

This paper proposes the use of Sparse 

Representation Classifier (SRC), and has shown to 

achieve an accuracy of 80,33% as the aforementioned 

classifier is applied on a data set of 600 samples. SRC 
is first used in face recognition problem [1], and since 

then, has been applied in various classification 

problems such as vehicle tracking [2], speaker 

recognition [3], classification of hyperspectral imagery 
[4], and cancer detection [5]. To the best of our 

knowledge, SRC has never been applied to the 

problem of Gujarati handwritten digit recognition. 

2. Sparse Representation based Classification 

2.1. Principe 

A basic problem in object recognition is to use labeled 
training samples from k distinct object classes to 

correctly determine the class to which a new test 

sample belongs. We arrange the given 𝑛𝑖  training 

samples from the i
th
 class as columns of a matrix𝐴𝑖 =

[𝑣𝑖1, 𝑣𝑖2, … , 𝑣𝑖𝑛𝑖
]. 

Given this sufficient training samples of the i
th

 

object class, any new (test) sample 𝑦 ∈ 𝑅𝑚  from the 

same class will approximately lie in the linear span of 
the training samples associated with object i: 

𝑦 = 𝛼𝑖,1𝑣𝑖 ,1 + 𝛼𝑖,2𝑣𝑖 ,2 + ⋯ + 𝛼𝑖,𝑛𝑖
𝑣𝑖,𝑛𝑖

                    (1) 

for some scalars, 𝛼𝑖,𝑗 ∈ 𝑅, 𝑗 = 1,2, … , 𝑛𝑖 . 

So, we define a new matrix 𝐴 for the entire training 
set as the concatenation of the n training samples of all 

k object classes: 
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𝐴 =  𝐴1, 𝐴2 , … , 𝐴𝑘 =  𝑣1,1, 𝑣1,2, … , 𝑣𝑘,𝑛𝑘
                 (2) 

 

Then the linear representation of y can be rewritten 

in the terms of all training samples as 
 

𝑦 = 𝐴𝑥0 ∈ 𝑅𝑚                               (3) 

where𝑥0 = [0, … ,0, 𝛼𝑖,1, 𝛼𝑖 ,2, … , 𝛼𝑖,𝑛𝑖
, 0, … ,0]𝑇 ∈

𝑅𝑚  is a coefficient vector whose entries are zero 

except those associated with the i
th

 class. 

As the entries of the vector 𝑥0 encode the identity of 

the test sample y, it is tempting to attempt to obtain it 

by solving the linear system of equations 𝑦 = 𝐴𝑥. 

Obviously, if 𝑚 > 𝑛, the system of equations 𝑦 = 𝐴𝑥 

is overdetermined, and the correct 𝑥0 can usually be 

found as its unique solution, however, in the OCR, the 

system 𝑦 = 𝐴𝑥 is typically underdetermined, and so, 
its solution is not unique. Conventionally, this 

difficulty is resolved by choosing the minimum 𝑙2-

norm solution: 

 

𝑥2 = arg min | 𝑥 |2        subject to       𝐴𝑥 = 𝑦      (4) 

 

While this optimization problem can be easily 

solved (via the pseudo inverse of A), the solution 𝑥 2 is 

generally is not especially informative for recognizing 

the test sample y. This motivates us to seek the sparsest 

solution to 𝑦 = 𝐴𝑥, solving the following optimization 
problem: 

 

𝑥0 = arg min | 𝑥 |0     subject to        𝐴𝑥 = 𝑦       (5) 

 

where ||. ||0 denotes the 𝑙0-norm, which counts the 

number of nonzero entries in a vector. However, the 

problem of finding the sparsest solution of an 
underdetermined system of linear equations is hard and 

difficult even to approximate [6], so, some 

development in the emerging theory of sparse 
representation and compressed sensing ([7], [8] [9]) 

reveals that if the solution 𝑥0 sought is sparse enought, 

the solution of the 𝑙0-minimization problem (5) is 

equal to the solution to the following 𝑙1-minimization 
problem: 

 

𝑥1 = arg min | 𝑥 |1        subject to        𝐴𝑥 = 𝑦        (6) 

2.2. Dealing with small dense noise 

So far, we have assumed that (3) holds exactly. 

Since real data are noisy, it may not be possible to 
express the test sample exactly as a sparse 

superposition of the training samples. The model (3) 

can be modified to explicitly account for small 
possibly dense noise by writing 

 

𝑦 = 𝐴𝑥0 + 𝑧                               (7) 

 

where 𝑧 ∈ 𝑅𝑚  is a noise term with | 𝑧 |2 < 휀. The 

sparse solution 𝑥0 can still be approximately recovered 

by solving the following stable 𝑙1-minimization 

problem: 
 

𝑥1 = arg min | 𝑥 |1𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑡𝑜| 𝐴𝑥 − 𝑦 |2 < 휀 (8) 

2.2. Algorithm 

For each class i, let 𝛿𝑖 ∶  𝑅𝑛 → 𝑅𝑛  be the characteristic 

function that selects the coefficients associated with 

thei
th

 class. For 𝑥 ∈ 𝑅𝑛 , 𝛿𝑖(𝑥) ∈ 𝑅𝑛  is a new vector 
whose only nonzero entries are the entries in x that are 

associated with the i
th
 class, one can approximate the 

given test sample y as 𝑦𝑖 = 𝐴𝛿𝑖(𝑥1 ). We then classify y 

based on these approximations by assigning it to the 
object class that minimizes the residual between y and 

𝑦𝑖  : 

min
𝑖

𝑟𝑖 𝑦 = | 𝑦 − 𝐴𝛿𝑖 𝑥1   |2            (9) 

Algorithm. 

1. Input: a matrix of training samples 𝐴 =
 𝐴1, 𝐴2 , … , 𝐴𝑘 ∈ 𝑅𝑚∗𝑛  for k classes, a test 

sample 𝑦 ∈ 𝑅𝑚 , (and an optional error 

tolerance 휀 > 0). 
2. Solve the 𝑙1-minimization problem: 𝑥1 =

𝑎𝑟𝑔𝑚𝑖𝑛𝑥 | 𝑥 |1     subject to     𝐴𝑥 = 𝑦 (5) (or 

alternatively, solve 𝑥1 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥 | 𝑥 |1     

subject to      | 𝐴𝑥 − 𝑦 |2 < 휀 ). 

3. Compute the residuals 𝑟𝑖 𝑦 = | 𝑦 −
𝐴𝛿𝑖𝑥1|2 for 𝑖=1,…,𝑘. 

4. Output:𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑦 𝑦 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑖𝑟𝑖(𝑦). 

 

3. Gujarati database 

Gujarati belonging to Devnagari family of languages, 

which originated and flourished in Gujarat a western 
state of India, is spoken by over 50 million people of 

the state. Though it has inherited rich cultural and 

literature, and is a very widely spoken language, hardly 

any significant work has been done for the 
identification of Gujarati optical characters. The 

Gujarati script differs from those of many other Indian 

languages not having any shirolekha (headlines). 
Gujarati numerals do not carry shirolekha and it 

applies to almost all Indian languages. The numerals in 

Indian languages are based on sharp curves and hardly 

any straight lines are used. Figure.1 is a set of Gujarati 
numerals. 
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Gujarati digits (Figure 1) are very peculiar by 

nature. Only two Gujarati digits one(1) and five(5) are 

having straight line, making Gujarati digit 

identification a little more difficult. Also Gujarati 
digits often invite misclassification. These confusing 

sets of digits‟ areas shown in Figure 2. 

 

 
Figure 1. Gujarati digits 0-9 

 

 
Figure 2. Confusing Gujarati digits 

 

For developing a system to identify Gujarati 
handwritten digits, we have collected numerals 0-9 

written in Gujarati scripts from a large number of 

writers. These numbers were scanned in 300 dpi by a 
flatbed scanner. Initially they are in separate boxes of 

50*30 pixels each. Since our problem is to identify 

handwritten digits, the first thing required is to bring 
all the characters in a standard normal form. This is 

needed because when a writer writes he may use 

different types of pens, papers, they may follow even 

different styles of writing etc. 

4. Experimental Results 

For this experiment, this recognition process was 

trained for total 30 sets of digits, and was tested for 60 
other new sets of digits. In total the network was 

trained by 300 digits and tested for 600 digits. Figure.3 

shows the recognition process used. 
 

 

 

 
 

 

 
 

 

 

 
 

 

 
 

 

 
 

 

 

 

Figure 3. Recognition Process 
 

In terms of classification, we performed recognition 
on 600 characters, so 60 characters for each class, 

based on 300 learning characters so 30 characters for 

each class. 

4.1. Binarization 

Binarization is often the first step in treatment systems 

and image analysis ([10], [11], [12]) especially images 
of documents. Its goal is to reduce the amount of 

information present in the image, and keeping only the 

relevant information, which allows us to use simple 

analysis methods vis-à-vis images in grayscale or color 
[13]. In our case, we used the algorithm of Wolf [14] 

(Figure.4). 

     

 

                                    a                             b 

Figure.4. Binarization of a digit, a: before binarization, b: after 

binarization 

4.2. Skeletonization 

In the continuous scheme, a skeleton of the form is a 

plurality of lines passing down the middle (Figure.5). 

The objective of skeletonization is to represent a set 

with a minimum of information in a form that is as 
simple to remove and convenient to handle. This is the 

notion of a continuous centerline form introduced by 

Blum [15] who defined a medial axis for computing a 
skeleton of a shape, using an intuitive model of fire 

propagation on a grass field, where the field has the 

form of the given shape. If one "sets fire" at all points 
on the boundary of that grass field simultaneously, 

then the skeleton is the set of quench points, i.e., those 

points where two or more wave fronts meet. This 

intuitive description is the starting point for a number 
of more precise definitions. 

 

Resizing 

Binarization 

Skeletonization 

Feature Extractions 

Classification 

http://en.wikipedia.org/wiki/Medial_axis
http://en.wiktionary.org/wiki/quench
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Figure 5. Example of Skeleton 

There are currently a variety of methods to build 
skeletons from forms. One of the best known is the 

topological thinning, it is to examine the pixels of the 

binary image and iteratively remove those who do not 
belong to the final skeleton. Reviews of pixels is done 

in two ways: sequential approach where the removal of 

a point P to the nth iteration depends at transactions 

made so far but also the pixels already processed and 
parallel approach in which the pixels are examined 

independently at each iteration, the removal of the P to 

the nth iteration depends at operations performed at the 
previous iteration. It is the latter approach which is 

used by applying the algorithm Guo_Hall [16] 

(Figure.6). This methodisused in [17] and [18]. 
 

     

 

                                   a                        b 

Figure 6. Skeleton of a digit, a: beforeskeletonizing, b: after 

skeletonizing 

4.3. Feature Extraction 

We use the Box-approach in Refs [17], [18], [19], [20]. 
This approach requires the special division of the 

character image. The major advantage of this approach 

stems from its robustness to small variations, ease of 
implementation and relatively high recognition rate. 

The choice of box size and number of boxes is 

discussed in section 6 on results. 
Each character image is divided into 24 boxes so 

that the portions of a numeral will be in some of these 

boxes. There could be boxes that are empty, as shown 

in Figure.7. English numeral 3 is enclosed in the 6*4 
grid. However, all boxes are considered for analysis in 

a sequential order. By considering the bottom left 

corner as the absolute origin (0,0), the coordinate 

distance (vector distance) for the kth pixel in the b
th

 

box at location (i,j) is computed as (10) 
 

dkb =  (i2 + j2)                             (10) 

 
By dividing the sum of distances of all black pixels 

present in a box with the total number of pixels in that 

box, a normalized vector distance for each box is 

obtained as 
 

γ
b

=
1

nb
 dk

b ,         b = 1,2, … 24

nb

k=1

           (11) 

 

Where 𝑛𝑏  is the total number of pixels in b
th
box. 

These vector distances constitute a set of features 

based on distances. Therefore, 24γ
b

‟s corresponding to 

24 boxes will constitute a feature set. However, for 

empty boxes, the value will be zero. 

In practice, each character is divided into 50 blocks 
of 10*5 pixels. A sample of the extraction vectoris as 

follows: 

[0 0 0.6672 0.7017 0 0 1.9429 2.8865 0 0 0.5770 
2.0683 0 0 0 3.3593 0 0 1.1157 0 2.4256 1.8303 0 

2.4254 3.5686 0 4.0410 6.6789 9.9418 0 0 0 0 7.1634 

0 0 0 0 8.0269 0 0 9.6223 0 8.6789 0 0 0 10.4075 
3.5689 0]. 

 

 
 

Figure 7. Portions of the numeral lie within some boxes while 
others are empty 

4.4. Results 

Following the recognition process of Figure.2, 482 
characters are recognized among 600 characters, so a 

recognition rate of 80.33%, the Table.1 gives more 

details on the recognition rate for each class. 

We notice, in general, most characters are poorly 
confused one another, except for characters „6‟ and‟3‟, 

and especially for characters „8‟ and „9‟, due the large 

similarity of this digits. 
Figures.8 shows the evolution of the recognition 

rate by varying the number of training characters. 
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According to this scheme, we see that the number of 

testing character recognized is proportional by 

increasing the number of training character. 

 

 

Table 1. Performance of the process 

Numbers 0 1 2 3 4 5 6 7 8 9 Success (%) 

0 50 0 0 0 0 0 0 1 7 2 83,33 

1 0 42 5 0 1 10 1 0 1 0 70 

2 1 4 52 1 0 0 0 0 2 0 86,67 

3 0 0 0 59 0 0 0 1 0 0 98,33 

4 0 0 1 1 50 0 0 1 7 0 83,33 

5 0 1 7 0 1 50 1 0 0 0 83,33 

6 0 1 0 16 0 1 41 0 1 0 68,33 

7 2 0 0 7 0 0 1 47 3 0 78,33 

8 0 0 0 0 0 0 0 0 60 0 100 

9 1 0 0 1 0 0 0 0 27 31 51,67 

 

 
Figure.8. Evolution of the recognition rate by varying the number of training characters 

 

5. Conclusion 

We used a novel classifier, Sparse Representation 
Classifier (SRC), for off-line isolated handwritten 

Gujarati numeral recognition. The method 

demonstrates a good result with 80,33% overall 
accuracy. This result is very promising, and is likely to 

improve if another feature extraction techniqueis 

applied. Comparison with other conventional 
classifiers should be considered in future as a 

continuation of this work. The results should also be 

verified for other standard handwritten character 

databases such as the ISI database of handwritten 
Bangala numerals. 
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