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Abstract
A new isolated handwritten Farsi numeral recognition
algorithm is proposed in this paper, which exploits the
sparse and over-complete structure from the handwritten
Farsi numeral data. In this research, the sparse structure is represented as an over-complete dictionary, which
is learned by the K-SVD algorithm. These atoms in this dictionary are adopted to initialize the first layer of the Convolutional Neural Network (CNN), the latter is then trained
to do the classification task. Data distortion techniques are
also applied to promote the generalization capability of the
trained classifier. Experiments have shown that good results have been achieved in CENPARMI handwritten Farsi
numeral database.

Figure 1. Numerals that can be legally written
in different shapes in Farsi.
legally written in different shapes. Fig. 1 demonstrates the
situation, where numeral ‘2’, ‘3’, ‘4’ and ‘6’ are written in
two different shapes, respectively. Several recognition techniques for handwritten Farsi numerals have already been
published. Soltanzadeh et al. [18] use outer profiles, crossing counts and projection histograms from multiple orientations as features. A Support Vector Machine is trained
using these features for classification. Mowlaei et al.[14]
propose a system for recognition of isolated Farsi numerals
and characters. They use Haar wavelet to obtain the features and then feed these features to Support Vector Machines for training. Ziaratban et al.[23] propose a templatebased feature extraction method. Twenty templates that are
believed to be able to capture the most significant information from handwritten Farsi/Arabic numerals are selected
heuristically. Feature extraction is carried out via template
matching: for each template, find the best match in an input image and record the location and the match score of
the best match as features. These features are then fed into
a multi-layer perceptron for training. Liu et al. [2] have
recently provided a new benchmark on the recognition of
handwritten Bangla and Farsi numeral characters. In this
benchmark, the best result on the CENPARMI handwritten Farsi numeral database has been achieved by the classspecific feature polynomial classifier(CFPC) [12] using 8direction gradient features extracted from grayscale images
after moment normalization. The achieved low error rate is
0.84%.

1. Introduction
Recognition of handwritten Latin numerals has been extensively studied in the past few decades. Many methods have been proposed with very high recognition rate
[20, 7, 10, 12, 22, 15, 16, 9, 13, 5]. Some of these techniques have found application in real systems, such as mail
resorting [19] and bank check recognition [4, 8].
On the other hand, research progress has been very limited towards automatic recognition of numerals written in
scripts other than Latin. In this paper, the recognition of
handwritten numerals in one important cursive script, Farsi
(Persian), has been investigated. Farsi is the main language
used in Iran and Afghanistan, and it is spoken by more than
110 million people, including some people in Tajikistan,
and Pakistan. Due to its wide usage, the problem of automatic recognition of handwritten Farsi script has attracted
increasing interest in the research community.
Similar to Latin script, handwritten Farsi numerals have
large variations in writing styles, sizes, and orientations.
What makes the recognition of the handwritten Farsi numerals more challenging is that some of the numerals can be
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tion method has been proposed. Our method tries to exploit the over-complete and sparse structure of the data.
This structure is represented as an over-complete dictionary,
whose atoms give sparse representations to the data. The
atoms in the learned dictionary are then adopted to initialize the weights of the first layer of the CNN. The rationale
behind this method is that: as will be shown later in this
paper, the atoms in the learned dictionary appear to be similar to the receptive fields (maps that describe the response
region of the neurons) of the visual neurons in mammalian
primary visual cortex. That is, they are local bandpass filters
with orientation selectivity. Initializing the first layer of the
CNN with these atoms will force those artificial neurons to
behave in a similar way as those neurons in the mammalian
visual system.
The remainder of this paper is organized like the followings. In section 2, the CNN structure used in this research
is briefly described. Section 3 introduces the K-SVD algorithm and show how it is used to learn the sparse and overcomplete representations from the Farsi handwritten numerals samples. In section 4, the experimental results and the
comparison between the proposed method and several commonly applied classification techniques are presented. Discussions are also presented in this section. Finally, section
5 concludes this paper.

Figure 2. Adopted CNN architecture.

2 Convolutional Neural Network (CNN)

Figure 3. Some distorted samples. Rows 1
and 3: samples after preprocessing. Rows 2
and 4: the same samples after distortion.

A convolutional neural network is a neural network with
a “deep” supervised learning architecture that has been
shown to perform well in visual tasks [9, 16]. A CNN can
be divided into two parts: automatic feature extractor and
a trainable classifier. The automatic feature extractor contains feature map layers that extract discriminating features
from the input patterns via two operations: linear filtering
and down-sampling. The size of the filter kernels in the feature maps is set to 5 by 5 and the down-sampling ratio is
set to 2. A back-propagation algorithm is used to train the
classifier and learn the weights in the filter kernels.
Instead of using the CNN with more complicated architecture like LeNet-5 [9], a simplified implementation proposed in [16] has been chosen. The network architecture is
shown in Fig. 2. The input layer is a 35 by 35 matrix containing a normalized pattern. The normalization procedure
will be explained in detail in the experimental results secfeature maps) and the third (with
tion. The second (with
 feature maps) layers are two feature map layers, which
are trained to do feature extraction at two different resolutions. Each neuron in these two layers is connected to a 5
by 5 window in the previous layer, with the strength of the
connection defined by the weights in the filter kernel. Neurons in one feature map share the same filter kernel. The
remaining part of the architecture consists of a fully con-

nected multi-layer perceptron with  neurons in the hidden layer and 10 neurons in the output layer. Here, we set
  , and  .



Since the CNN architecture has a large number of
weights to be learned, the number of training samples
needed to train this network is also very large. In order to
get better performance in terms of the capability of generalization, one usually adopted practice is to expand the training data set by introducing some distortion or transformations to the data at hand, such as affine transformations[9]
and elastic distortions[16].
In this experiment, Simard’s elastic distortions is combined with scaling and rotation transforms [16]. The scaling factor is selected uniformly from [-0.15, 0.15], with the
negative scaling factor standing for shrinkage, while the
positive scaling factor stands for enlargement. The rotation angle is also picked uniformly from  Æ Æ , with the
negative angle standing for counterclockwise rotation and
the positive angle standing for clockwise rotation. Figure 3
shows some examples of the distorted samples.
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3 Learning Sparse And Over-Complete Representations



Suppose we have some data represented by an 
matrix , where each column of stands for one sample.
 with
To find an over-complete dictionary ( 
) so that
(1)
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and each column of is as sparse as possible. Each column
of
is also called an atom. This problem can be solved
using the following K-SVD algorithm.



  

Figure 4. Over-complete dictionary learned
with 
.



size of the image patch is chosen to be the same as the filter
kernel in the first feature map layer of the CNN. We have
, which means that the dictionary has a
chosen
redundancy factor of 2. Another parameter to be specified
is  , which is chosen experimentally to be 7. The atoms
in the learned over-complete dictionary are shown in Fig.
4. These atoms in the learned dictionary possess significant
orientation and scale selectivity, which are desired properties for feature extraction.



In [1], Aharon et al. propose to solve the over-complete
dictionary searching problem by working on the optimization problem below:


    subject to       


(2)

where   gives the number of non-zero components in
the vector ,  is the -th column of the matrix and 
is a threshold specifying the maximum number of non-zero
coefficients needed for the representation. It is enforced to
make sure that the learned dictionary would give sparse
representation to the data in . The notation   stands
for the Frobenius norm.
The problem (2) is solved iteratively. First, the dictiois assumed to be fixed and the algorithm tries to
nary
find sparse coefficients . Since the penalty term can be
rewritten as





To evaluate its effectiveness, the proposed method has
been applied on the CENPARMI Handwritten Farsi numeral database [17] (CENPARMI database in short). We
briefly describe the properties of this database and show
some of its samples. Then, the preprocessing procedures
that have been applied to these data is explained. Finally,
comparison of the proposed method with two different types
of classifiers, the Support Vector Machines (SVM) [3] and
the Modified Quadratic Discriminant Function (MQDF)
[6], is made and the results are presented.



  






problem (2) can be decoupled into
the form

 

4 Experiments
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distinct problems of

   subject to      for



   

  

(4)
These problems are then solved using orthogonal matching
pursuit (OMP) method [21].
The second part of K-SVD algorithm is to update the
dictionary . This update process is performed column by
column, using singular value decomposition (SVD). The iteration procedure continues until the algorithm converges.

!"

The Farsi handwritten numeral database used in our experiments has been built at CENPARMI [17]. These samples are collected from 175 writers of different ages, education and genders. All these samples are scanned as 300dpi
color images and then converted into grayscale. These samples are further divided into non-overlapping training, verification and testing sets. There are 11,000 samples in the
training set, with 1,100 samples for each class; 2,000 samples in the verification set, with 200 samples for each class
and 5,000 samples in the testing set, with 500 samples for
each class. Some examples of the samples in this database
are shown in Fig. 5.



   
To learn the over-complete dictionary for the Farsi handwritten numerals, we randomly selected 26,156 of   
patches from the sample database after preprocessing. The
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Table 1. Test error rates (%) of the classifiers
investigated in this paper.
MQDF

SVM

Gradient Features

2.12

1.02

Profile Features

3.18

2.68

Proposed Method
0.78

Figure 5. Examples of the samples in the
CENPARMI database.

Figure 7. Misrecognized samples by the proposed method.
cut the tails of some elongated strokes in the pattern and
thus retain most classification related information. Some
examples of the numerals before preprocessing and after
preprocessing are given in Fig 6. Each pattern is normalized to size 35 by 35.



Figure 6. Examples of the preprocessing results. Left: original samples; Right: samples
after preprocessing.
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In the experiment, the CNN has been trained with its first
feature map layer initialized with the atoms in the learned
over-complete dictionary. The training procedure stops after 90 epochs.
As comparison, other two well-known classifiers have
also applied to the same database: SVM and MQDF. Different from CNN, these two methods require extracted features
as input. Two sets of features have been investigated in this
research: gradient features [11] and profile features [18].
Results of these experiments are shown in Table 1. The
misrecognized samples of the proposed method are shown
in Fig. 7.

 #$""
As shown in Fig. 5, there are large variations in both the
grayscale values and the sizes of the samples in the CENPARMI database. Therefore, grayscale normalization and
size normalization techniques are needed.
For grayscale normalization, the gray levels of the foreground pixels of each input image have been re-scaled so
that the scaled values give a standard mean of 210 and deviation of 20.
As to the size normalization, the moment normalization
technique [11] is used, which first aligns the centroid of a
character image with the geometric center of the normalize
plan, and then re-frames the character using second-order
moments. This method works better than traditional linear
normalization technique in handwritten character recognition, since it is able to reduce the position variation of the
important feature points in the image. Furthermore, it can
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From the error cases shown in Fig. 7, we can identify the
following common error cases: a) ‘2’ - ‘3’ misclassification,
b) ‘3’ - ‘4’ misclassification and c) ‘1’ - ‘0’ misclassifications. Most of these misclassified samples are very similar
in shape. Some are due to the imperfect samples in the data,
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which might be introduced by the writers participating the
data collection process.
The error rates in Table 1 show that, generally speaking, MQDF does not perform as well as SVM or the proposed method. This is because MQDF usually works well
for data whose underlying distribution is Gaussian. However, the deviation from Gaussian distribution of the handwritten Farsi numerals are significant, especially for digits
like ‘2’, ‘3’, ‘4’ and ‘6’, where each pattern has more than
one representative shapes. The proposed method gets the
best results, where the CNN has been initialized with the
learned over-complete representations.
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5 Conclusion
In this paper, a new handwritten Farsi numeral recognition method has been proposed that makes use of the sparse
and over-complete structure within the data. The proposed
method has been applied to a publicly available handwritten Farsi numeral database: the CENPARMI Farsi numeral
database. Comparison between the proposed method and
two other popular classifiers (SVM and MQDF) has also
been made. These experimental results have justified the
benefit of exploiting the sparse and over-complete structure
in the data in the pattern recognition problems.
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