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Abstract 
Recognition of handwritten Farsi letters is complicated because of the similarity between letters and the different 
styles of writing. This paper proposes a new set of features for handwritten Farsi letters. This set is a 
combination of two groups of features to distinguish similarity the letters. The first group of three features 
explains the general structure of a letter including the number of components. These features are employed to 
find the best match for a letter. The second group includes seventy five features. These features are extracted 
from partitioning a letter into smaller parts. Such smaller parts are generated by dividing the letters into smaller 
frames. Features extracted from the frames are suitable to distinguish structurally dissimilar letters. Vector 
quantization has been employed to test the features and we have tested the new features on 3000 letters. The new 
algorithm provides 87% accuracy in average for handwritten Farsi letters.  
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1 Introduction 
Despite the use of electronic documents, the amount 
of printed and handwritten documents has never 
decreased. This has posed a lot of difficulty in 
document storage, retrieval, search and update, 
however, electronic documents are appropriate for 
these purposes. Document image analysis and 
recognition covers the algorithms to transform 
documents into electronic format suitable for storage, 
retrieval, search and update. Every language has its 
own characteristics and this affects the analysis and 
recognition processes. The important characteristics 
of Farsi/Arabic words that make text analysis and 
recognition difficult are character connectivity and 
different shapes of characters depending on their 
location within the word.  

Document analysis and recognition consists of five 
steps. The first step obtains an image document from 
the text using a scanner. The second step is the pre-
processing to remove the artifacts from the scanned 
image. The third step segments the document into 
basic elements. The basic elements can be sub-words 
or characters depending on the scheme. In situations 
where we have an infinite number of words for 
recognition, they have to be segmented into 
characters. Otherwise, we can segment the words into 
sub-words. After segmentation, we have to extract 
features from the basic elements. The extracted 
features are the input of the recognition step. This 
paper presents a part of a large project in which the 
required pre-processing and segmentation steps have 
been performed successfully by Marashi and 
Shanbehzadeh [26] and Rastegarpour and 

Shanbehzadeh [27]. The focus of this paper is on 
feature extraction.  

In general, features can be divided into two groups; 
structural and statistical. Structural features are related 
to the appearance of the text. Circles, periods, and 
dots of letters are among these features. Statistical 
features are numerical measurements of text's image 
such as accumulation of pixels. In 1987, Almuallim 
and Yamaguchi [25] presented one of the earliest 
methods for recognizing Arabic manuscript texts. In 
this method the letters' skeleton and structural features 
were used to recognize the word. In 1992, a structural 
method was proposed by Gorain [5]. In 2001, Amin 
[7] utilized structural information that describe the 
letters including lines, curves and circles for Arabic 
letter recognition. In 2005, Al-Taani [8] suggested a 
structural method to identify Arabic numbers. He 
described how the numbers were recognized based on 
primary figures such as curves, lines and forms using 
his method. Structural features vary in font and 
personal writing style. Thus, they cannot be easily 
extracted, but the recognition level can be improved 
by combining several features. The selected features 
depend on the language [9]. 

There are three schemes to extract the feature from 
the skeleton, contours or pixels of characters. The first 
scheme is based on features extracted from the 
skeleton of letters. In 1994, Abuhaiba et al. [16] 
suggested a collection of graph models for recognition 
of distinct letters based on the skeleton of the letters. 
The skeleton was converted into a tree structure and 
compared with a model using an indicator. In 1996, 
Amin et al. [15] conducted the recognition based on 
the letters' skeleton using a graph method. In 1998, 

J. Shanbehzadeh, H. Pezashki, A. Sarrafzadeh, ‘Features Extraction from Farsi Hand
Written Letters’, Proceedings of Image and Vision Computing New Zealand 2007,
pp. 35–40, Hamilton, New Zealand, December 2007.

35



Abuhaiba et al. [16] proposed a system which utilized 
letters' skeleton for recognition of manuscript text. 
The method of feature extraction developed by 
Dehghani et al. [18] is based on the letter's contours. 
In this scheme, the contours of a word are obtained 
and the whole word is divided into frames. Then 
features are extracted from these frames. In 2003, 
Clocksin and Fernando [19] conducted recognition for 
Syriac texts. Syriac language is grammatically simpler 
than Arabic. In this method, the whole image of the 
distinct letter was employed. In 2005, EL-Hajj et al. 
[20] suggested a method in which the features were 
obtained from above and below the line in a frame 
and were given to a Markov recognizer in which 
features such as the accumulation of pixels and the 
letter's concavity were used. In 2005, Asiri and 
Khorsheed [21] proposed a scheme in which wavelet 
coefficients were employed. The wavelet coefficients 
were obtained for each letter and were then passed on 
to a neural network for recognition [21]. In the 
following section, we will explain our proposed 
method which obtains statistical features from the 
pixels of the text’s image. 

The dots of letters convey significant information for 
recognizing Farsi letters. In Farsi language, some 
letters will have identical shapes if their dots are 
removed and their difference is only in the number 
and the location of dots. For instance, the letters "پ"  
and " ت"  would have an identical shape without the 
dots and their difference is only in the number and the 
location of their dots. In "پ"  there are three dots 
below the main body but "ت"  has two dots which are 
located above the main body. Previous methods had 
no emphasis on the dots as they were inherently 
designed for English letters which have few dots. But 
the dots play significant role in the recognition of 
Farsi letters. This paper utilizes important information 
contained in letters’ dots in the recognition phase. The 
structure of the rest of this paper is as follows. The 
next section presents the new feature extraction 
algorithm. Section 3 discusses the experimental 
results. Conclusions are presented in Section 4.  

2 The New Feature 
Extraction Scheme 

The extracted features consist of two parts. The 
features of the first part distinguish the letters with 
similar parts and, the features of the second part 
distinguish the letters with dissimilar main body. In 
the first part, the features are obtained from the whole 
letter’s image and for each letter information such as 
the number of dots and their location with respect to 
the main body, is obtained. In the second part, at first 
the dots are removed from the letters then, the 
remaining part is divided into smaller frames 
(windows) from which the statistical information is 
obtained to generate features for the main body of the 
letter. 

2.1 Features to Distinguish Similar 
Letters 

 

In this part we employ the information on letters’ dots 
to generate features. These features are useful in 
distinguishing letters that are only different in the 
number and the location of their dots with respect to 
the main body of the letter. First, we obtain the letter's 
skeleton and then identify the number of isolated parts 
of the letters by utilizing connected component 
analysis. To do this, first the binary picture and then 
the skeleton of the letter is obtained. The biggest 
component is the main body of the letter and the 
remaining parts are the dots. Figure 1 illustrates an 
example for the letter “ژ”. Figure 1.a is the original 
letter, Figure 1.b shows its skeleton and Figure 1.c is 
the output of the connected component analysis. As 
shown in 1.c the letter consists of 4 connected 
components. The biggest part represented by 1’s is the 
main body and the remaining parts, represented by 
2’s, 3’s and 4’s are the dots.  

Using this information we consider the following 
features for letters. The number of components of 
each letter is considered as the first feature (f1). For 
example, letter "ژ " consists of four parts. By 
counting the number of pixels in each part and, by 
considering the fact that the main body of the letter 
has the most pixels, the dots and the main body of the 
letter can be separated. We consider the number of the 
dots as the second feature (f2). After obtaining the 
dots, we specify the location of dots relevant to the 
baseline. The baseline can be found by finding the 
center of letter. We show the dots located above the 
line by 1, otherwise by -1. An example is presented in 
Figure 2. 

 
Figure 1:a. letter "ژ " b. skeleton of "ژ "  c. separated 

parts of the letter represented by various numbers. 

 
Figure 2: Location of a sample letters’ dot. 
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2.2 Features to Distinguish 
Dissimilar Letters 

Figure 1 shows a sample letter and its main body. 
Features are extracted from the main body of the 
letter. To create the feature vector, the main body is 
divided into vertical frames. The height and width of 
the frame is constant and is considered as one of the 
system parameters. Each frame is divided into five 
cells as proposed in [20], [22]. The height of these 
cells is fixed (here, it is considered 10 pixels- Figures 
3 and 4). 

 
Figure 3: The letter's skeleton and its main body 

after the dots are removed. 

 
Figure 4: Dividing letters into vertical frames 

We generate 15 features for each frame. There are two 
groups of features: the first group is the distributive 
features based on the accumulation of the foreground 
pixels or the black pixels and the second group is the 
concavity features [20]. 

2.2.1 Pixels Distribution Features 

Suppose H is the height of the frame in each picture, 
h is the height of each cell and W is the width of each 
frame. The number of cells in each frame cn  is 
shown in (1).  

hHnc /=                    (1) 

Here the frame is considered 50 pixels high, the cell is 
10 pixels high, and each frame is considered 10 pixels 
wide. As a result, nc equals 5. Suppose r(j) is the 
number of black pixels in the jth row of a frame, n(i) is 
the number of black pixels in cell i and b(i) is the 
level of cell i based on a threshold level. If the n(i) of 
cell i is less than the threshold value then we assigns 0 
to it, otherwise, we assign 1. This procedure is 
presented in (2). 
 
       If n(i) less than threshold value   
                then    b(i)=0                                     (2) 

                else    b(i)=1                                                              

 

We consider a boundary for the baseline, and call the 
lower and upper baseline L and U, respectively. For 
each frame the following features are extracted. The 
first feature, f1, is the accumulation of foreground 
pixels (black) as shown in (3). 
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Considering the accumulation level of a frame's cell 
accumulation level of each cell will be 0 or 1. The 
second feature (f2) is the sum of all the accumulation 
levels of the cells of a frame. 

The third feature is the sum of difference of b(i) of 
successive cells of a frame as presented in (4). 
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The forth feature shows the difference between the 
gravitational center of black pixels of frame t and its 
previous frame which is calculated using (5). The 
position of gravitational center is determined using 
(6). 
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The vertical position of the gravitational center in 
each frame is considered as the ninth feature. This 
feature is normalized by the height of each frame and 
is determined using (7). 
 

H
Lgf −=5

         (7) 

The sixth feature is similar to the third one but only 
those cells that are above the lower baseline are 
considered. In (8), k is the cell containing the lower 
baseline. 

∑
=

=
cn

Ki

f 1)-b(i-b(i)6        (8) 

The seventh feature, f7, indicates an area to which the 
gravitational center of the black pixels belongs. This 
area is considered based on the lower and upper 
baseline. Practically, these two baselines divide the 
frame into 3 areas. The area above the upper baseline 
(f7=1), the central area (f7=2) and the area below the 
lower baseline (f7=3).  
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Figure 5: Four forms of concavity for the 

background pixel P 

2.2.2 Local Concavity Features 
The concavity features show the local concavity 
information and the direction of movement in each 
frame. Each of the concavity features, f8 to f11 are the 
indicators of white pixels (background) that create the 
four forms of concavity using 3×3 windows shown in 
Figure 5. The four concavity features are estimated as 
follows: Suppose Nlu (in the same form as Ndl, Nrd, 
Nur) is the number of white pixels which neighbour 
black pixels in left and up direction (in the same way 
as right-up, right-down and left-down) in each frame. 
These four features are defined in each frame as in 
(9).  

H
Ndlf =11

H
Nrdf =10 H

Nurf =9 H
Nluf =8     (9) 

Using the information gained from two baselines (the 
upper and lower baseline), we define four more 
features that indicate the concavity in the central 
region of the word, i.e. the region limited by two 
upper and lower baselines. Let d be the distance 
between two baselines (d=U-L). Also suppose CNZlu 
(in the same way as CNZdl, CNZrd, CNZur) is the 
number of white pixels in the central region such that 
they neighbour black pixels in left-up direction (in the 
same way as right- up, right-down and left-down). 
The four concavity features that depend on the 
baseline are presented in (10) [20]. 

d
CNZrdf =14 , 

d
CNZdlf =15             (10) 

        
d

CNZluf =12 , 
d

CNZurf =13  

We will have a vector for each frame with 15 features, 
10 of which are independent of the baseline and the 
rest are estimated based on the location of the 
baseline. We normalize all the features to achieve a 
similar bound for comparison and training. Formula 
11 is employed for normalization. 

10x
eueOfFeaturMaximumVal

FeatureOldValueOf
rerEachFeatuNewValuefo =

 (11)
 

 
 

These features are suitable for texts that could be 
divided into three regions (body, upward moving and 
downward moving) such as Farsi, Arabic or 
connected Latin texts. This causes feature extraction 
not to be dependent on language.  

3 Experimental Results 
Farsi language consists of 32 letters [23]. Each letter 
may have up to four forms depending on its location 
within a word [24]. The database used in the 
experiment consists of 3000 letters obtained from 
handwritings by various people. Each letter is 
normalized to 50*50 pixels. The features are extracted 
from 60% of samples in the database. After 
normalization, the feature vectors are classified by 
Vector Quantization [28]. The experiment is 
performed on the other 40% of the letters. 

Table 1: Recognition rate for each letter. 

 
Table 2: Recognition rate for each feature. 

 
The performance of Vector Quantization depends on 
the length of the feature vector and the number of 
code vector for each letter. Each feature has an 
independent effect on the recognition performance. 
Table 1 presents the accuracy for each letter based on 
a codebook of size four for each letter. The 
recognition rate based on individual components of 
the feature vector is shown in Table 2. We performed 
the experiments based on those features that had 70% 
accuracy. These features are f1, f2, f4, f6, f8 and f11. 
We achieved 85.59% accuracy with these five 
features. As a result, depending on the factor that is 
more important to us, e.g. recognition rate or the time, 
we choose one of these cases.  
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Figure 6: Comparison of Schemes 

4 Conclusion 
In 2005, EL-Hajj [20] suggested a method in which 
each letter was divided into several frames and for 
each frame 2 groups of features were obtained. The 
total number of these features was from 15 to 25. A 
comparison of the new features introduced in this 
paper to those in [20] is presented in Figure 6. It can 
be seen that the new algorithm is capable of providing 
better performance with fewer features. This would 
results in better performance in terms of accuracy and 
speed. 
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