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Abstract 
 

This paper investigates Farsi handwritten word recognition using common features. Also 

we applied biologically inspired features (BIFs), derived from a feed forward model of object 

recognition pathway in visual cortex for Farsi handwritten word recognition 

problem. Experimental results show that the model achieves high recognition percentage 

even for large variations and applicability of these features in Small Sample Size problems 

(SSS).The experiments were achieved using the Iranshahr dataset. This dataset consist of 780 

samples of 30 city names of Iran which 600 samples for train and 180 samples for test was 

used. A set of experiments were conducted to compare Decision Templates with some 

combination rules. Results show that template based fusion method is superior to the other 

schemes.  
 

Keywords: Farsi handwritten word recognition, Feature extraction, Biologically inspired 

features, Human visual pathway 
 

1.  Introduction 
 

Handwritten Characters Recognition is one of the most remarkable topics in the domain 

of pattern recognition. During the past decade, an interesting progress has been achieved in 

the field of handwritten word recognition, and many applications, such as automatic reading 

of bank checks, postal addresses and forms have been appeared.  

Handwritten Recognition is the process of transform scanned images of machine printed or 

handwritten text into a computer processable format. The process of handwritten recognition 

can be broadly broken down into three stages: 

In the first stage preprocessing has been done then best features must be extracted from 

the images. Afterward classifiers must select the best class for each input image. In the 

preprocessing stage, various methods such as Noise Cleaning [1] to reduce noise, 

Normalizing [2] to remove skewness and Thinning [3-4] to retain skeleton of patterns and 

binary transformation [3] are used, thereby simplifying the processing of the rest of the 

stages.  The performance of character recognition largely depends on the feature extraction 

approach. In this paper we focused on comparing various feature extraction methods. 

There are various feature extraction methods that are convenient in the handwritten 

recognition domain such as Discrete Fourier Transform (DCT) [5], Wavelet [6], Linear 

Discrete Analysis (LDA) [8,13] and Principal Component Analysis (PCA)[16,7,9] , Zoning 

[10,11], Gradient [12], Histogram [14], and Cross count [15] and  Biological feature [17 - 20] 

http://www.springerlink.com/index/3dqwcjp53u18wrea.pdf
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that mainly is used in the face recognition domain and for the handwritten recognition task is 

new. 

Understanding how visual cortex recognizes objects is a critical question for 

neuroscience. Building a system that emulates object recognition in cortex has always been an 

attractive idea. Recent works [12, 13, 14] have shown that a computational model based on 

our knowledge of visual cortex can be competitive with the best existing computer vision 

systems on some of the standard recognition datasets.  Their system follows a recent theory of 

the feed forward path of object recognition in cortex that accounts for the first 100-200 

milliseconds of processing in the ventral stream of primate visual cortex [14].  

Next step after feature extraction is the classification that there are various methods for 

classification stage such as: Multi Layer Perceptron (MLP) [21] that is a kind of feed-forward 

artificial neural network model that maps sets of input data onto a set of suitable output. 

Radial Basis Function (RBF)[22-24] that is a kind of supervised neural networks. It is very 

similar to MLP but connections between hidden layer and output layer are different. RBF has 

only one hidden layer. Another way for classification is K-Nearest neighbor (KNN) [25-27], 

that is one of the most popular techniques for classification. This technique is the best in the 

case of having a small amount of training data. In this method, the distance of an input vector 

from a set of stored training patterns is computed by suitable distance criteria. 

Another way to classify the input image is Support Vector Machine (SVM). The SVM 

[28, 29] classifier is its basic form implements binary classifications. The objective is to 

further improve the recognition rate by using support vector machine (SVM) at the segment 

classification level. In this paper, we use k-NN as a classifier for Farsi handwritten word 

recognition (FHWR) which is the statistical method and it has the advantages of being a non-

parametric classifier. In the papers which worked on Farsi handwritten recognition various 

feature extraction methods are used. In this paper, we compare prevalent features with the 

biological. 

The rest of this paper is organized as follows. Section 2 describes the feature extraction 

methods. Section 3 describes the biological features and Section 4 introduces the 

classification algorithm. In section 5 experimental results are discussed. Finally conclusions 

are presented in Section 6. 
 

2. Feature Extraction 
 

The most important section for handwritten recognition is feature extraction, which in this 

section different method are briefly described.    

 

2.1. Histogram 
  

The horizontal and vertical projection histograms of the image are obtained as follows: 

for each row and column between the first and last non- empty rows and columns of the 

image, the number of black pixels is counted and these values are placed in separated vectors. 

By concatenation of the horizontal and vertical projection histogram, the final feature vector 

is achieved [14]. 
 

2.2. Characteristic Loci 
 

The characteristic loci feature is commonly in vertical and horizontal or 45 and 135 

degree orientation. The Loci characterization feature vector for each word image is 

defined by assigning a number for each background point in the image. This number is 

http://en.wikipedia.org/wiki/Feedforward
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dependent on the number of times that the vertical and horizontal lines drawn from the 

background point toward the four main directions intersected with the body of the word. 

In these applications, to reduce the feature dimension the maximum number of 

intersections has been limited to 3. Thus for each point of image background, a four -

digit number of base four is attained. These numbers are called locus numbers, which 

are between 0 and 255. As the result, the loci characterization feature vector consists of 

81 elements that show the relative frequency of their corresponding number in the input 

image. To achieve a normalized feature vector, its values are divided by the total 

number of white points of the background [30]. For instance, the locus number of point 

P in Figure 1, is (2300)4 = (176)10. 
 

 
Figure. 1. Calculating Characteristic Loci Features (2300)4 = (176)10 

 

2.3. Zoning  
 

In this method, the word image is divided into the number of zones. In each zone density 

of object pixels is calculated. Density is calculated by finding the number of object pixels in 

each zone and dividing it by the total number of pixels having value black as object pixels 

[31, 32]. 
 

2.4. Wavelet Transform 
 

Wavelet transform is a series expansion technique that allows us to represent the signal at 

different levels of resolution. The wavelet transformation uses the so-called wavelet basis 

functions (shortly wavelets) and the scaling functions, both forming the orthogonal or 

biorthogonal family of basis function. The wavelet function has good localization abilities in 

both time and frequency [31-33].   
 

2.5. Discrete Cosine Transform 
 

The discrete cosine transform (DCT) represents an image as a sum of sinusoids of 

varying magnitudes and frequencies. This method computes the two-dimensional discrete 

cosine transform (DCT) of an image. The DCT has the property that, for a typical image, 

most of the visually significant information about the image is concentrated in just a few 

coefficients of the DCT [36]. The two-dimensional DCT of an M-by-N matrix A is defined as 

follows: 
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Where M and N are the row and column size of A, respectively and the values are called the 

DCT coefficients of A. 

 

2.6. Gradient 
 

To extract gradient features, the gradient operator is the first applied for the gray-scale 

image of the word to give two gradient components: strength |g(x, y)| and direction   g(x, y) at 

each point (x, y) of the image f. This is done by applying Sobel operator on the image to 

extract vertical and horizontal gradient components [15]. The gradient features are composed 

of eight layers; each corresponding to one of the Freeman directions. Each layer is the 

projection of the gradient vectors of the image into the corresponding Freeman direction [37]. 
 

2.7. Cross Count 
 

Cross count is a popular statistical feature, which in this method the number of crossing 

with a counter by a line segment is calculated. For finding feature vector, the image is the first 

binarized and then the vertical and horizontal cross counts are calculated by scanning each 

column and row of the binary image and each transition from 0 to 1 or from 1 to  zero 

increases a counter that has an initial value of zero. Then the scanned column and row are 

associated with the counter value at the end of the scanning process [38]. 
 

2.8. Principle Component Analysis 
 

In some situations, the dimension of the input vector is large, and the components of the 

vectors are highly redundant. In this situation, it is useful to reduce the dimension of the input 

vectors that it caused less computational load. An effective procedure for performing this 

operation is principal component analysis. PCA allows us to compute a linear transformation 

that maps data from a high dimensional space to a lower dimensional space [39, 40]. The 

objective of principal component analysis is to reduce the dimensionality of the dataset but 

retain most of the original variability in the data. PCA projects the data along the directions 

where the data varies the most. These directions are determined by the eigenvectors of the 

covariance matrix corresponding to the largest eigenvalues. Figure 2 shows the space 

transformation by PCA. 

 
Figure 2. The Space Transformation by PCA. 

 

Applying different feature extraction methods on word images have been shown on 

Figure 3. 
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Figure 3. Applying different feature extraction methods on word images of 

Esfahan and Shiraz. 
(A) DCT of Esfahan (B) DCT of Shiraz (C) 2D Wavelet of Esfahan (D) 2D Wavelet 

of Shiraz (E) Horizontal and Vertical Histograms of Esfahan  (F) ) Horizontal 
and Vertical Histograms of Shiraz  (G , H) Zoning 

 
 

3. Biological Feature Extraction Method 
 

The printing Object recognition in cortex is mediated by the ventral visual pathway 

running from primary visual cortex , V1, through extrastriate visual areas V2 and V4 to 

inferotemporal cortex  , IT, and then in order to prefrontal cortex (PFC) which is involved in 

linking perception to memory and action [43-45]. In this section, we will briefly describe 

feed-forward model of the primate visual object recognition pathway.  The standard model, in 

its simplest form, consists of four layers of computational units where simple S units alternate 

with complex C units. The S units combine their inputs with Gaussian-like tuning to increase 

object selectivity. The C units pool their inputs through a maximum operation, thereby 

introducing invariance to scale and translation [51]. The sketch of the model is depicted in 

Figure 4. 

 

3.1. Image Layer 
 

The input for the model is an image and we convert the input image to gray-value image. 

In this layer an input image is transformed into an image-pyramid with ten scales. For 

creating the pyramid, the shorter edge is scaled to 140 pixels while maintaining the aspect 

ratio, then using bucolic interpolation, an image pyramid of ten scales, each a factor of 21/4 

smaller than the previous is created. 
 

3.2. S1 and C1Layers  

 

Image layer is first analyzed by a multi-dimensional array of simple S1 units which 

correspond to the classical V1 simple cells of Hubel & Wiesel [46]. Mathematically, the 

weight vector w of the S1 units takes the form of a Gabor function which has been shown to 

provide a good model of simple cell receptive fields [47] and can be described by the 

following equation: 
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The next C1 level corresponds to striate complex cells of Hubel and Wiesel [48]. This 

layer pools nearby S1 units (of the same orientation) to reach position and scale invariance 

over larger local regions, and as a result can also subsample S1 to reduce the number of units. 

The value of a C1 unit is simply the value of the maximum S1 units (of that orientation) that 

falls within a max filter. Similarly, position invariance is increased by pooling over S1 cells at 

the same preferred orientation but whose receptive fields are centered on neighboring 

locations.  

The resulting C1 layer is smaller in spatial extent and has the same number of feature 

types (orientations) as S1. This layer provides a model for V1 complex cells.As a result, the 

size of the receptive fields increases from S1 to C1 layer (0.2-1.0 to 0.4-2.0 degree). Similarly 

the effect of the pooling over scales is a broadening of the frequency bandwidth from S1 to 

C1 units which is in agreement with physiological evidences [43]. 
 

 
Figure 4. Sketch of the model. There is an increase in invariance to position 

and scale, and in parallel, an increase in the size of the receptive fields as well 
as in the complexity of the optimal stimuli for the neurons 
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3.3. S2 andC2 Layers 
 

At the S2 layer, units pool the activities of retinotopically organized complex C1 units at 

different preferred orientations over a 3×3 neighborhood of C1. As a result, the complexity of 

the preferred stimuli is increased: At the C1 level units are selective for single bars at a 

particular orientation, whereas at the S2 level, units become selective to more complex 

patterns (such as the combination of oriented bars to form contours or boundary) 

conformations. Receptive field sizes at the S2 level range between 0.6−2.4 degrees.  

At the C2 Layer, units pool over S2 units that are tuned to the same preferred stimulus 

(they correspond to the same combination of C1 units and therefore share the same weight 

vector w) but at slightly different positions and scales. C2 units are therefore selective for the 

same stimulus as their afferent S2 units. Yet they are less sensitive to the position and scale of 

the stimulus within their receptive field. Receptive field sizes at the C2 level range between 

1.1−3.0 degrees. 
 

3.4. C3 andS3 Layers 
 

Beyond S2 and C2 stages, the same process is iterated once more to increase the 

complexity of the preferred stimulus at the S3 layer (possibly related to Tanaka’s feature 

columns in TEO [45]), where the response of C2 units with different selectivities are 

combined with a tuning operation to yield even more complex selectivities. In the next stage 

(possibly overlapping between TEO and TE), the complex C3 units, obtained by pooling S3 

units with the same selectivity at neighboring positions and scales, are also selective to 

moderately complex features as the S3 units, but with a larger range of invariance. The S3 

and C3 layers provide a representation based on broadly tuned shape components. 

3.5. S2b and C2b Layers 
 

S2b and C2b Layers may correspond to the bypass routes that have been found in visual 

cortex, e.g., direct projections from V2 to TEO (bypassing V4) [48] and from V4 to TE 

(bypassing TEO) [49]. S2b units combine the response of several retinotopically organized 

V1-like complex C1 units at different orientations just like S2 units. Yet their receptive field is 

larger (2-3 times larger) than the receptive fields of the S2 units. The tuning of the C2b units 

agrees with the read out data from IT [50]. 
 

4. K-Nearest Neighbor Classification 

 

For the classification stage, we used the K-Nearest Neighbor (KNN). In this method, 

there is no training stage and training samples used as prototypes [19]. For each of test sample 

Euclidean distances with the all of training samples are calculated and unlabeled testing 

samples assigned to the classes based on their similarity with samples in the training set. 
 

5. Experimental Results 
 

The efficiency of the Biology method for feature extraction has been well tested via 

several experiments using a dataset of city names of Iran. The dataset which was used in this 

paper consists of 780 samples of 30 city names of Iran. For each city name 26 samples were 

available, which were written by 26 different persons. All of the samples are scanned at 96 

dpi resolution in the gray scale format. Figure 5 shows some examples of this dataset. 

For all the experiments, train and test samples have been chosen randomly. 
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Figure 5. Samples of City Names of Iran from Training and Test Set. 
 

By applying different experiments, the results of eight feature extraction method in the 

Farsi Hand Written Recognition (FHWR) domain via KNN classifier are comprised.   

For many of the feature extraction methods which were used in this paper, there are some 

parameters that need to be adjusted. These parameters and how the values have been set are 

discussed here: 

(i) Size of zones in Row Image Zoning (Z) 

 For word images with 184×320 pixels, Row Image Zoning was implemented 

with the following size of zones Z=20,40,64,80,128,160 and the 128 zones which 

gives the highest accuracy on the training set is chosen. 

(ii) Size of sub image in DCT (D) 

 Different experiments were implemented and the 6*7 sub image that leads to an 

acceptable accuracy was the best choice. 

(iii) Kind of wavelet basic function and number of levels in Wavelet (W) 

     Here the DWT2 function from Matlab toolbox has been used. The dwt2 

command performs single-level two-dimensional wavelet decomposition and low 

frequency, level 4 and Haar wavelet analysis are being specified by the user in 

this work. 
 

4.1. Experiment I 

 

Classification results of the Biology feature extraction method have been compared with 

other seven feature extraction methods being described in section II, are summarized in 

Table1 and shown in Figure 6. In this experiment, feature spaces have been compared with 

different dimensions, due to high dimensionality of input space, KNN is used as a classifier.  

K domain changes in the range of 1,3,5,7,9,11.  To increase the accuracy of the experiment, it 

had been repeated for 50 times and the average of these 50 times is shown as the result. 
 

Table1. The average of Recognition rate of different features extraction 
methods with different K on our dataset 
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The column named ―average accuracy‖ in Table1 shows the average accuracy of each 

feature set.   These values evaluate robustness of Biology feature extraction method with 

respect to other methods. Similarly, the row named ―average accuracy‖ shows the average 

accuracy for different Ks in KNN classifier. For each value of K the recognition rate of 

feature extraction methods has been calculated, and then the highest recognition rate is chosen.  

In the ―Rank‖ column the feature sets are put in order according to their average accuracies. 

The experimental results show that the Biology method outperforms other suggested 

methods .As sees in table1, K=1 leading to highest accuracy. 
 

 
 

Figure 6. Shows the Recognition Rate of different Features with different K  
 

At first, for all feature methods experiment has been done on 1 to 20 training samples 

with different Ks. As an example, the results of Biology feature are shown in Table2.  

 

Table2. Recognition rate of Biology feature extraction method for different 
training sets from 1 to 20 using different Ks 

 

 
 

According to the table, it is obvious that as the training samples are increased, the 

recognition rate has been improved gradually. It can also be inferred from the average 

accuracy row, that K=1 is gives the highest performance result. 
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4.2. Experiment II 
 

As explained in previous experiment the best result is from K=1. To show the robustness 

of biology feature, all experiments have been done with 1 to 20 train samples and K=1. The 

results are shown in Table 3 and Figure 7. It is obvious from Table 3 that Biology has the best 

result in average accuracy and even with 1 training sample Biology has the most recognition 

rate.  
 

Table 3. Recognition Rate of Different Features with Different Training Samples 
 

 
 

 

 

 
 

Figure 7. Shows the recognition rate for different feature extraction methods 
with different number of training samples. As the figure shows, Biology has 

the highest recognition rate even with 1 training sample and after that 
Histogram has the highest rate. 
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4.3. Experiment III 
 

Some of the feature extraction methods that were used in this paper have high dimensions 

which lead to increase the computational load. For a better comparison between explained 

methods, Principal Component Analysis (PCA) is used to reduce the size of feature vectors 

then the classification stage is applied. The Results of different features with training samples 

from 1 to 20 with K=1 have been shown in table4. Different PCAs have been applied and the 

results showed that PCA=40 has the best performance. The results of this experiment have 

been shown in Table4 and Figure 8. 
 

Table 4.  The Result of recognition rate of different feature extraction methods 
with 1 to 20 training samples and K=1, using PCA to reduce the dimension. 

 

 
 

As table shows Biology feature even by reducing the dimension to 42 has the highest rate.  
 

 

 
 

Figure 8. Recognition rate of different features by using PCA 40 on different 
number of training samples. 

 

Where )(, ixzyd  is the degree of support given by the y’th classifier for the sample ix of 

the class z. )( ixcInd  has a value of one if the class of ix  is c, and zero, otherwise [41]. 
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 5. Conclusions 
   

In this paper, various feature extraction methods for handwritten recognition were briefly 

described. Classification results of the Biology feature extraction method have been compared 

with other seven common feature extraction methods which being described in section II. The 

experiments were conducted on Iranshahr dataset and The experiments show that, even only 

as a computational tool to solve problems such as the handwritten word recognition problem, 

BIFs can boost the performance of  Farsi handwritten word recognition system. The results 

also show the applicability of these features in Small Sample Size problems (SSS) and even 

―one sample per subject‖ problems. 
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