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Abstract

In view of the current problems of inefficient character recognition at low resolution, this
paper designed one convenient model for character recognition based on discrete hopfield
neural network. A critical character matrix was generated in the different noise intensities
by random noise. Background subtraction was used to collect the steady states of the
characters. Then the recognition model can recognize the character matrix in a given noise
intensity. The results showed that when the noise intensity was less than 0.3, the established
model had a good recognition performance for the characters at low resolution. With the
increase of the noise intensity, the resolution of characters got low, but the accuracy of
character recognition model declined slightly. It still maintained a high recognition
efficiency. But these characters, including 3, 6, 8 and 9, were not easily identified gradually.
When the noise intensity was more than 0.3, the performance of the recognition model
started to decrease gradually and lacked stability. The recognition model was getting
harder to distinguish the characters as thirty percent of the positional values of the
character matrix changed. Take example for 6, it can be recognized in the noise intensity
r=0.05, 0.1and 0.2 while it may not be recognized in the noise intensity r=0.15 and 0.25.
The recognition result of a given character in the different noise intensities was various. On
the whole, the recognition model achieved excellent performance in terms of recognition
error rates and recognition efficiency.
Keywords: Character Recognition; Low Resolution; noise intensity; recognition
performance; Hopfield Network

1. Introduction
In daily life, we often encounter these problems of inefficient character recognition at
low resolution, especially in black and white figures. With the continuous development of
new technology, scholars at home and abroad came up with a number of ways and
techniques to distinguish the characters, including template matching and optical character
recognition. Given this, we researched some relevant literatures and analyzed their
advantages and disadvantages.
Tong Jianjun and Zou Mingfu[1] put forward a method of discerning precisely in plate
number character recognition which was called as “ sub-regional right value template”.
From the data of test, the accuracy for a given character was effective in plate license
recognition, but it was still lower than the accuracy for all characters. CHI Xiaojun[2]
presented a simple method for license plate recognition based on SVM. The data of images
were translated into text data to avoid the excessive reliance on the extracted image features.
However, the different parameters in the kernel function and penalty factors (c and g) had a
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considerable influence on the recognition efficiency. PING Yuan and LI Huina[3]
optimized the skeleton of the standard plate license character and improved the variable
length coding of the skeleton and presented a new method for plate license character
recognition. The proposed method was applied easily, but the recognition accuracy of
Chinese characters was lower than that of the letters and numbers. FU Desheng and
ZHANG Xueyong[4] used the improved hopfield neural network to identify numbers. The
method improved the memory capability and the correct-identification rate of traditional
network, but the recognition performance needed to be improved because of existing
pseudo steady states. ZHANG Kunyan[5] et al designed a new identification system based
on the BP network. The system had good performance even when the images had low
quality and the license plates were located in a complicated natural scene. However, the
training process of the model required manual intervention more or less. ZHAO Zhihong,
YANG Shaopu and MA Zengqiang[6] proposed the application of convolutional neural
network LeNet-5 in license plate character recognition. The accuracy and the speed of
convolutional neural network were superior to the three-layer BP neural network, but it
may not exceed the multi-layer BP neural network. WANG Wei, MA Yongqian and PENG
Qiang[7] studied an algorithm of character recognition based on SVM binary classification.
The algorithm had good feasibility and effectiveness, but the training speed was slow and
different classifications still may overlap. Jin Can[8] designed a discrete hopfield neural
network(DHNN) model with the associative memory function using MATLAB. It can
correctly recognize the numerical dot matrixes with the noises. Because there were a lot of
pseudo stable points in the DHNN, the model was hard to get the real steady states. Zhu
Haodong and Li Hongchan[9] put forward a character recognition algorithm based on the
feature weighting and fuzzy template matching. The recognition rate and robustness were
effectively improved, but it can’t separate completely the character stroke and character
tailing. FANG Chengzhi, ZHOU Pin and FU Shiqing[10] combined the features of the
characters with character recognition and proposed a method(LS-SVM) to analyze the
feasibility of this wavele kernel function. This way improved the recognition rate while the
recognition time was reduced, but the best kernel function may not be restricted to wavelet
kernel function. LI Shanshan, LI Yimin and GUO Zhenzhen[11] proposed a phased license
plate recognition algorithm based on BP neural network and convolution neural network.
The accuracy of recognition algorithm was improved and the time of recognition algorithm
was shortened, but the generalization ability of the algorithm reached a lower level. Rong
Cheng and Yanping Bai[12] presented a character segmentation algorithm based on the
shortest distance classification, which took advantage of exactly seven points gained from
SOM as class centers. The proposed method can be implemented efficiently, but the
recognition accuracy of Chinese characters was lower than the accuracy of the letters and
numbers.
Overseas scholars made a lot of researches on their native characters, such as Tamil,
Hindi, Persian, Devanagari, ect. Devi, S. Sangeetha and Amitha, T[13] used a hidden
Markov model (HMM) classifier for character recognition of offline Tamil handwritten.
Wahi, Amitabh, Sundaramurthy, S and Poovizhi, P[14] developed an OCR system for the
recognition of basic characters in handwritten Tamil language. Singh, Pratibha, Verma,
Ajay and Chaudhari, Narendras[15] presented a method for the recognition of handwritten
Hindi numerals. Sajedi, Hedieh[16] presented an important step towards the
standardization of research works on optical character recognition in Persian language.
Pandya, Mrudang D and Patel Jay, R[17] presented the survey of how efficient an artificial
neural network can be utilized for character recognition of Devanagari handwritten.
Despite intense researches, however, these problems of inefficient character recognition
especially at low resolution remain, to a wide extent, unresolved. How to extract the
complete information from incomplete characters is the key in the character recognition. It
is necessary to present a convenient model or method for character recognition in terms of
recognition error rates and recognition efficiency.
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2. Background Subtraction and Discrete Hopfield Network
2.1. Background Subtraction
For convenience sake, background subtraction was applied to obtain these character
features in the steady states. The basic principle of background subtraction was as shown in
figure 1.
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Figure 1. The Principle Diagram of Background Subtraction
As shown in figure 1, we set the current frame image as fk (x, y) and the background
frame image as Bk (x, y). Then the difference image was shown in the formula 1.
Dk ( x, y)  |f k ( x, y)  Bk ( x, y)|
Formula 1
We make the difference image binarization processing, as shown in the formula 2.

1, Dk ( x, y )  T
Rk ( x, y )  
0，Dk ( x, y )  T

Formula 2

If a pixel value in the difference image is greater than or equal to a given threshold value,
the pixel is a foreground valve. If not, it is considered the pixel is a background valve. We
transform the difference image Rk to binaryzation and obtain Dk, then make morphological
processing and connectivity analysis.
2.2. Hopfield Neural Network
Discrete hopfield neural network (DHNN) is a single-layer network with taking “1” and
“-1” as the input. The structure of discrete hopfield neural network including n neurons was
shown in figure 2.
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Figure 2. The Structure of Discrete Hopfield Neural Network
Neurons in the first layer sum up the information of the input and the weight coefficient.
The information of the output is generated by the nonlinear threshold function f. For an
output layer network with n neurons, its state at time (t) is one n-dimensional vector, as
shown in the formula 3.

Y (t )  [ y1 (t ), y2 (t ),..., yn (t )]T

Formula 3
There are 2 network states because yi(t)(i=1,2,…,n) can be valued to “1” or “-1”. As the
state of node j of DHNN at time (t) changed, the node at time (t+1) can be obtained as
shown in the formula 4 and formula 5.
n


1, u j (t )  0
yi (t  1)  f [u j (t )]  

1, u j (t )  0

Formula 4

n

u j (t )   ij yi (t )  x j   j

Formula 5

i 1

DHNN adopts the orthogonal method to adjust and modify its weights and the overall
steps are as follows:
Step 1: To input N modes t  {t , t 2 ,..., t N 1 , t N } and parameters  , h;
Step 2: To calculate A  {t  t N , t 2  t N ,..., t N 1  t N } ;
Step 3: To check A into singular value decomposition A=USV T and calculate the rank
K=rank (A) of A;
K

Step

4:

To

calculate

T p   u i (u i )T

Tm 

and

i 1

N

 u (u )
i

i T

i  K 1

from U p  {U 1 ,U 2 ,...,U k } and u m  {u K 1 , u K 2 ,..., u N } ;
Step 5: To calculate W t  T p    T m and bt  t N  W t  t N ;
Step 6: To calculate W  exp(h W t ) ;
Step

7:

To

calculate

C  I ( K ) 0( K , N  K )  T 
b U  1
 U  b
0( N  K , K ) C2  I ( N  K ) 

,

among

them,

C1=exp(h)-1,C2=-[exp(-τ×h)-1]/ τ.
DHNN gains the associative memory function by training and learning to realize the
local minimum of energy function until it reaches a steady state.
The dynamic rule of DHNN is that if the network node is in the initial state of S (0), after
the t steps it will achieve the state of S (t+1) by the following formula 6.
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 n

St (t  1)  sgn Wij S j (t )  I i 
 j 1


Formula 6

Among them, sgn is the sign function. The learning steps are as follows, among them
I=0.
Step 1: To set the weights according to the hebb rule.
Step 2: To initialize the unknown samples:
Formula 7
Si (0)  xi , i  1, 2,..., n
Among them, Si (t) is the output of node i; xi is the ith element of the unknown samples.
Step 3: To iterative calculate.

 n

Si (t  1)  sgn Wij S j (t ) 
 j 1


Formula 8

The process of iteration will not stop until the states of output of the node don’t change.
Step 4: To go back to step 2 and calculate again.
The state of DHNN tends steady gradually, with the whole neurons converging at a
particular point, or in a cyclical iteration, or in a chaotic state, after the above four steps.

3. Recognition Model Establishment
We took advantage of the associative memory function of DHNN and designed a
convenient model for character recognition in the light of the dynamics learning rule.
3.1. The Standard Steady State of Simulated Characters
We described each simulated character with a matrix of 10×10 intuitively. The parts of
the characters were in terms of “1” and the blank parts were in terms of “-1”. Take example
for“0”, the standard matrix can be obtained, like array_zero=[-1 1 1 1 1 1 1 1 1 -1; -1 1 1 1
1 1 1 1 1 -1; -1 1 1 -1 -1 -1 -1 1 1 -1; -1 1 1 -1 -1 -1 -1 1 1 -1; -1 1 1 -1 -1 -1 -1 1 1 -1; -1 1 1
-1 -1 -1 -1 1 1 -1; -1 1 1 -1 -1 -1 -1 1 1 -1; -1 1 1 -1 -1 -1 -1 1 1 -1; -1 1 1 1 1 1 1 1 1 -1; -1 1
1 1 1 1 1 1 1 -1].
3.2. A Model Building
We formed the matrixes of the characters (0~9) to constitute the training samples T =
[zero, one, two, three, four, five, six, seven, eight, nine]’. Then we applied the function of
new hop () to create a model based on DHNN.
3.3. The Identification of the Steady Characters
We applied the method of random noise to simulate the steady states of the characters at
low resolution. The matrixes of the characters (0~9) were generated in the different noise
intensities. If a pixel value was greater than or equal to the given threshold, it argued that
the pixel was a foreground pixel as “1”. Otherwise, it argued that the pixel was a
background pixel as “-1”. We aimed to require the model to identify these ten characters in
a certain noise.

4. Recognition Model Test
The characters identified by background subtraction in the steady states were input into
the model. Meanwhile we adjusted the range of the noise intensity to render the model to
recognize the matrixes of each character in a certain noise.
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4.1. Recognition Test in the different Noise Intensities
4.1.1. The Noise Intensity r=0.05: Figure 3 was the result of recognition test for all
characters in the noise intensity r=0.05.

Figure 3. The Result of Recognition Test with r=0.05
Figure 3 showed that the result of recognition test for the characters (0~9) was
remarkable. The accuracy of recognition test was 100% and no error.
4.1.2. The Noise Intensity r=0.1: Figure 4 was the result of recognition test for all
characters in the noise intensity r=0.1.

Figure 4. The Result of Recognition Test with r=0.1
Figure 4 showed that the result of recognition test for the characters (0~8) was fine. Only
one character (9) was easily identified as 8 and the accuracy of recognition test was 90%.
4.1.3. The Noise Intensity r=0.15: Figure 5 was the result of recognition test for all
characters in the noise intensity r=0.15.

Figure 5. The Result of Recognition Test with r=0.15
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Figure 5 showed that the result of recognition test for the characters except 6 was also
fine. Only one character (6) was easily identified as 8 and the accuracy of recognition test
was 90%.
4.1.4. The Noise Intensity r=0.2: Figure 6 was the result of recognition test for all
characters in the noise intensity r=0.2.

Figure 6. The Result of Recognition Test with r=0.2
Figure 6 showed that the result of recognition test for the characters except 8 and 9 was
good. One character (8) was easily identified as 0 and another one character (9) was easily
identified as 3. The accuracy of recognition test was 80%.
4.1.5. The Noise Intensity r=0.25: Figure 7 was the result of recognition test for all
characters in the noise intensity r=0.25.

Figure 7. The Result of Recognition Test with r=0.25
Figure 7 showed that the result of recognition test for the characters except 3 and 9 was
also good. One character (3) was easily identified as 9 and another one character (6) was
easily identified as 5. The accuracy of recognition test was 80%.
4.1.6. The other Noise Intensities: In order to further study on the influence of the bigger
noise intensities on the recognition performance for the characters, we tested the characters
in the noise intensities r=0.3, 0.35, 0.4 and 0.45. Figure 8 was the result of recognition test
for all characters in the noise intensity r=0.3, 0.35, 0.4 and 0.45.
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r1=0.3

r2=0.35

r3=0.4

r4=0.45

Figure 8. The Result of Recognition Test with r=0.25, 0.35, 0.4 and 0.45
4.2. Result Analysis
4.2.1. Recognition Accuracy in the Certain Noise Intensity: When the noise intensity
was less than 0.3, the established model had a good recognition performance at low
resolution, as shown in table 1.
Table 1. The Results of Recognition Test with the Noise Intensity r<0.3
Noise intensity
0.05
0.1
0.15
0.2
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0
Y
Y
Y
Y

1
Y
Y
Y
Y

2
Y
Y
Y
Y

Recognition results
3 4
5
6
Y Y Y Y
Y Y Y Y
Y Y Y N
Y Y Y Y

7
Y
Y
Y
Y

8
Y
Y
Y
N

9
Y
N
Y
N

Rrecognition accuracy
100%
90%
90%
80%
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0.25

Y

Y

Y

N

Y

Y

N

Y

Y

Y

80%

The characters including 3, 6, 8 and 9 were not easily identified because the parts of the
characters were more than the blank parts. With the increase of the noise intensity, the
resolution of characters got low, but the accuracy of character recognition declined slightly,
as shown in the figure 8. It still maintained a high recognition efficiency.
1.0

recognition accuracy

0.8

0.6
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0.2

o

0.05
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0.30
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Figure 8. The Accuracy of Recognition Test with r=0.05, 0.1, 0.15, 0.2 and
0.25
When the noise intensity was more than 0.3, the performance of the recognition model
started to decrease gradually and lacked stability. The recognition model was getting harder
to distinguish as thirty percent of the positional values of the character matrix changed.
4.2.2. Recognition Accuracy in the Different Noise Intensities: Table 1 showed that a
certain character can be identified in the different noise intensities. Take example for 6, it
can be recognized in the noise intensity r=0.05, 0.1and 0.2 while it may not be recognized
in the noise intensity r=0.15 and 0.25. The recognition result of a given character in the
different noise intensities was various. This was mainly due to the random character
matrixes.

5. Summary
We aimed to propose a convenient model for character recognition at low resolution. A
critical character matrix was generated in the different noise intensities by random noise.
Background subtraction was used to collect the steady states of the characters. The results
showed that when the noise intensity was less than 0.3, the established model had a good
recognition performance for the characters at low resolution. And these characters,
including 3, 6, 8 and 9, were not easily identifiable. When the noise intensity was more than
0.3, the performance of the recognition model started to decrease gradually and lacked
stability. On the whole, the recognition model achieved excellent performance in terms of
recognition error rates and recognition efficiency. We, however, found that when the noise
intensity increased, it was likely to cause an error in the process of recognition. How to
further reduce the pseudo steady states existing in the network, how to learn from the
network weights in the sample pretreatment are the key to further improve the accuracy of
recognition model in the higher noise intensity.
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