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Abstract:-Unlike human brains that can identify and memorize the characters like letters or digits, computers 
treat them as binary graphics. Therefore, algorithms are necessary to identify and recognize each character. This 
article presents a technique to recognize Printed Chinese characters by using the Probabilistic Neural Networks 
(PNN). The article also discusses Chinese character recognition using projection feature extraction method. In 
this paper we present the design of neural network after extraction of features that is able to recognize and 
classify samples of Chinese characters. Our first target is to train the proper neural network to recognize them, 
the second and the most challenging target is to train this neural network to recognize these characters after they 
are corrupted by different types Noise. We consider three kinds of noise, Gaussian, speckle (uniformly 
distributed random noise) and Impulse noise, since several applications suffer. Results show that this method has 
the advantages of fast processing speed, accurate recognition rate and strongly resisting noise. 
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1 Introduction 
Character recognition is one of the most successful 
applications of automatic pattern recognition. It 
studies the development of theory and techniques for 
the design of devices capable of performing a given 
recognition task for a specified engineering 
application. Character recognition schemes to 
perform the same basic sequence of operations, 
consists of preprocessing, feature extraction and 
classification as shown in fig.01. Character 
recognition for Chinese texts poses new and 
interesting pattern recognition problems when 
compared to recognition of Latin or other western 
scripts and also it is one of the most challenging 
problems in the literature of character recognition. 
Basically there are three main methods used in 
character recognition. Statistical method is based on 
decision theory and mathematical transformations. 
Syntactic method is based on grammatical reasoning 
and structure information of patterns; the third 

combines the two methods above and normally uses 
the topological structure information of characters as 
features and decision tree for classification. In recent 
years a new approach of Neural Networks has been 
broadly applied to the area of pattern recognition. 
Neural networks have the merits of disruptive 
processing, self learning, robustness etc. Several 
models such as Hopfield and multilayer perceptron 
(MLP) have been used to recognize English and 
numerical characters and have had some challenging 
results [1] [2]. The most suitable neural network for 
our job is the Probabilistic Neural Network (PNN), 
which is an extension of the Radial Basis Function. 
The PNN introduced by Specht [3] is essentially 
based on the well known Bayesian classifier 
technique commonly used in many classical pattern 
recognition problems. PNN is a neural network that 
is specified in classifying samples. To be more 
specific there are 2 ways by which it can be used. 
Both of them depend on the nature of the data that 
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we introduce for the training of the network. 
Working with PNN means also that when we 
introduce a class, then the output is no more a class, 
but a vector, whose length is equal to that one of the 
input. In addition, this output is calculated after the 
classification has been completed. As an example for 
these problems, Goh [4] used a PNN as a classifier 
for evaluating seismic liquefaction potential. In other 
work Avci and Yildirim [5] reported that PNN is the 
best classifier for Esccheria Coli benchmark. 
Research into Chinese Character recognition 
encounters many difficulties. First there are a large 
number of characters (more than 50,000 characters, 
of which 6000 are commonly used). Second, 
Chinese characters have a more complex structure 
than alphabetic characters and there are a large 
number of mutually similar characters. 

 
Fig.1: Character recognition scheme 

 
There has been tremendous progress in research on 
Chinese character recognition. Various approaches 
for Chinese Character recognition have been 
developed for examples, Handwritten Chinese 
Characters Recognition methods are introduced by 
using Support Vector Machines and kernel active 
handwriting model [6], [7] which are very useful 
methods but they are for hand written characters. For 
selection of features Mr. Jun Feng [my paper 8] 
mentioned a method using genetic algorithm but the 
method which we have used for selection of features 
is easy and time saving. Now it is possible as well as 
necessary to pay more attention to the side of 
practical use. From this point of view it is of great 
importance to find approaches which can not only 
recognize Chinese characters with high recognition 

rate but also can resist noises occurred in real life. 
The method presented in this paper is designed to 
meet this requirement. In this article we present a 
technique for recognition of printed Chinese 
Characters using the Probabilistic Neural Networks 
(PNN).  
 
 
2 Methodology 
In this article we have divided our problem in two 
portions. The first portion is the choice of a suitable 
way to extract the features from the character image 
to produce the set of the training vectors for the 
neural network. The second is the choice of the 
proper neural network to use in order to produce 
acceptable results. For first portion, we have 
considered the best method for producing features 
for the training vectors is to take the vertical and the 
horizontal projections of each sample. This method 
works well, because different Chinese characters 
have projections (vertical and horizontal) with a little 
or no correlation. Another reason that contributes to 
this method is that the calculation of the two 
projections for each sample is easy, since the 
characters are in bitmap format. This is because of a 
number of reasons, but mostly because it is the 
unique neural network that is specialized exactly in 
the field of prototype classification. It offers high 
accuracy, as well. 
 
 
2.1 Samples Creation   
The Chinese characters that we used have been taken 
from the Chinese alphabet of the MS Windows 
operation system. Then after the proper processing 
we created the bitmaps. The size of these files is 
32x32 pixels and they are constituted by 256 gray 
levels. To make sure that our bitmaps have only two 
levels of intensity, the zero 0 (black) and the 255 
(white), we used a script. This script guaranteed that 
the forum of the bitmaps would be as we expect it, 
by using the binary logic. That means that any pixel 
of the file had one extra attribute. That was the color. 
For example if the color of the pixel is black, then it 
has the value zero else it has the value one. 
 
 
2.2 Feature extraction by using Projections    
The main characteristic of this method is the 
compression of the data through a projection. Black 
pixel counts are taken along parallel lines through 
the image area to generate marginal distributions. 
The direction of projection can be horizontal axis, 
vertical axis, diagonal axis or all of the above. 
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Evermore, the character can be divided vertically 
and horizontally into four parts and do the same 
projection on each quarter. It will improve the 
recognition rate.  In this article, we will use both 
horizontal and vertical projection as shown in fig.03. 
The program counts the number of pixels in each 
horizontal line and vertical line and stores them in an 
array. Since each image represented by a 32x32 pixel, 
there are 32 lines horizontally and 32 lines vertically. 
Therefore there are 64 features for each character 
image. So we get the final matrix P as shown in Eq: 1  
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⎝

⎛
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P
P

P ______________ (1) 

Vector P is 64, where 64 is the sum of the sizes of 
VP  and � HP . Each figure has its own vector, 

calculated by the projection method. The result is a 
matrix with 41 vectors of that kind (The logic behind 
41 Chinese characters is that these characters are the 
first initials of names of 31 provinces of China and 
10 characters are from the first initials of army 
vehicles of China, it can be extended to huge number 
of characters), since we have trained the network in 
order to classify 41 Chinese characters as in Eq: 2 

41214164 ........... PPPP =× _______ (2) 
 
 
2.3 Noise Insertion  
After training the network, we have to test its 
credibility in classification. A proper network has to 
classify correctly some noisy characters as well. 
Thus we add to the clean bitmaps three types of 
noise; Gaussian, speckle (uniformly distributed 
random noise) and Impulse noise. Those new 
bitmaps corrupted by noise are used for the 
validation test. The bitmaps corrupted by noise are 
created by adding the noise in clean bitmaps which 
adds noise to the initial samples and saves the new 
samples (samples with noise), to a particular 
predefined directory. Gaussian and speckle noise has 
two parameters; the mean value m and the variance 
value v. Those parameters are used as argument to 
the same function to create samples with Gaussian 
and speckle noise. Speckle noise adds multiplicative 
noise to the image which is uniformly distributed 
random noise with mean 0 and variance v. As much 
as The Impulse noise is concerned (known as salt ‘n’ 
pepper noise as well) degrades some pixels of a 
bitmap into black (zero intensity) or white 
(maximum intensity). The percent number of the 
degraded pixels is called “% density d” of the 
impulse noise.  
 
 

 
 

 
Figure 2: Horizontal and Vertical projection of 

(Chinese characters for Beijing) 
 
 
3 Chinese character recognition 
After creation of classification vectors and training 
of PNN we have divided it all into four validation 
tests. In first validation test, the validation vectors 
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are the training vectors, in second validation test the 
validation vectors come from the Gaussian noise 
samples. The variance of the Gaussian noise is 
defined by us and the mean value is by default equal 
to zero. In third validation test, the validation vectors 
come from the speckle noise samples. The variance 
of the speckle noise is defined by us and the mean 
value is by default equal to zero and in fourth 
validation test, the validation vectors come from the 
Impulse noise samples. The % density of the impulse 
noise is defined by us. With validation test, we refer 
to the comparison of the output of the Probabilistic 
Neural Network we have created, with the desired 
output we expect, according to the theory. The 
criterion we use is the % error. During the second, 
third and fourth validation tests we set variance v of 
the Gaussian and speckle noise and the % density d 
of the impulse noise respectively.  
As far as the parameter spread is concerned, it is one 
of the parameters used during the training of PNN. 
The others are its training vector and its 
classification vector. Spread indicates the amount of 
the correlation between the classes. This parameter 
value must vary from the minimum to the maximum 
value of the distance between the classes, as they are 
defined in the N-dimensional Euclidean space, 
where N is the size of each training vector. Here, we 
have N=64. This is an important condition that 
guarantees that the Probabilistic Neural Network 
works properly. In order to calculate this parameter, 
by using a created function in which Euclidean 
distances between all the classes are calculated, takes 
as argument the Training Vector Ρ and returns the 
proper value of spread. We have all the Euclidean 
distances; spread is the mean value of all these 
distances. Since the Probabilistic Neural Network 
works properly when classifying the training vectors, 
we have to find out how good it is when classifying 
the noisy character images with different noise 
power.  
 
 
4 Results  
As we see in Table 1 the network classifies correctly 
the training vectors that we insert as inputs. After 
that we create the three types of Corrupted samples 
using Gaussian, speckle (uniformly distributed 
random noise) and Impulse noise. Then we export 
the proper input vectors using the projection 
technique, as we described it in section 2.3 and we 
check the validation test, results are mentioned in 
table 1 and 2.  
 

 

       Table 1 
 
 
4.1 By using Gaussian noise with mean value 
equal to zero  
When the variance varies up to 0.07, the neural 
network can recognize, with negligible error, all the 
samples. When the variance varies between 0.07 and 
0.09, the results still remain satisfactory. When the 
variance is equal to 0.1 the error is equal to 9%. 
When the variance goes over 0.1, the classification 
error becomes more than 20%. Errors beyond 20% 
show that we cannot have the correct classification. 
Some samples are shown in figure 03, where the 
variance of the noisy images is equal to 0.1 and the 
mean value is equal to zero. Comparing these 
bitmaps with the clean original samples shown in 
figure 03, we see that the noise has provoked a huge 
change.  

 
Fig: 3 

 
 
4.2 By using Speckle noise with mean value 
equal to zero  
When the variance varies up to 0.06, the neural 
network can recognize, with negligible error, all the 
samples. When the variance varies between 0.06 and 
0.08, the results still remain satisfactory. When the 
variance is equal to 0.09 the error is equal to 10%. 
When the variance goes over 0.09, the classification 
error becomes more than 20%. Errors beyond 20% 
show that we cannot have the correct classification. 
Some samples are shown in figure, where the 
variance of the noisy images is equal to 0.09 and the 
mean value is equal to zero. Comparing these 
bitmaps with the clean original samples shown in 
figure 04, we see that the noise has provoked a huge 
change.  

Separating class vector of initial samples 
TC [.....] 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
19 20 21 22 23 24 25 26 27 28 29 30 31 32 

33 34 35 36 37 38 39 40 41 
Separating class vector of Training samples 

AC [.....] 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
19 20 21 22 23 24 25 26 27 28 29 30 31 32 

33 34 35 36 37 38 39 40 41 
Total Error : 0% 
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Fig: 4 

 
 
4.3 By using Impulse noise  
When the distortion density varies up to 20%, the 
error during the classification is zero.When the noise 
density varies between 20% and 25%, the error 
during the classification increases. Especially when 
the density goes from 20% to 23%, the error is equal 
to o 5%. So far the classification remains satisfactory. 
When the noise density goes over 25%, the error is 
very large, more than 20%. In that case the 
classification fails. The noisy samples with Impulse 
noise of density d=25% are shown in figure 05, 
compared with the clean original samples shown in 
figure 05. It is obvious that the noise, blotches the 
original samples. 

 
Fig: 5 

 
Gaussian 

Noise 
Speckle 
Noise 

Impulse 
Noise 

Accuracy 
(%) 

V=0.04 V=0.04 d=10% 100 
V=0.06 V=0.05 d=15% 100 
V=0.07 V=0.06 d=20% 100 
V=0.09 V=0.08 d=23% 95 
V=0.1 V=0.09 d=24% 91 

Table 2 
 
5 Conclusions 
In this paper the method of recognizing printed 
Chinese character is introduced using the images 
corrupted by three different types of noise to 
generate the proper training vectors, powerful 
classification, fast recognition and easy realization 
for improving the properties of the recognition 
system, the Probabilistic Neural Network has a good 
performance in the recognition experiments. The 
article also discusses Chinese character recognition 
using projection method for feature extraction. The 
results show the advantages of the Probabilistic 
neural network. Probabilistic Neural Network has 
learned the correct classification for a set of images 
corrupted by three types of noise. Thus, an important 
consideration in applying Probabilistic Neural 
Network is how well the network generalizes. It is 
obvious that the network cannot classify correctly, 

images with a huge noise power. After some runs, 
we found that we should focus to the results of the 
impulse noise, where density d varies from 20% up 
to 25%. For values of density below 20% the 
classification has no errors. As much as the results of 
the Speckle and Gaussian noise concerned, we 
should focus in cases where variance varies from 
0.09.  
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