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Abstract. Important progress has been made in handwrite recognition over the last few years. However, actual 
systems depend very much on quality of the input text. This paper presents a study addressing this problem by 
using moment based invariant features in conjunction with a LVQ neural network. 
Keywords: off-line handwrite recognition, OCR, segmentation, features extraction, classification algorithms. 
 
Introduction 
 
The constant development of computer tools 
involves new requirements for interfaces 
between man and computer. Considering these, 
Handwritten Character Recognition represents 
an advanced topic in this area [1]. It may apply 
to handwrite documents digitization, automatic 
Zip-code classification, signature recognition 
etc. For several years, the pressure coming from 
industry, which recognizes the importance of 
these applications, implies an intense research in 
this field.  
 
On-line and Off-Line Handwrite Character 
Recognition 
 
The main structure of such a recognition system 
is illustrated at the Figure 1. 

 

The first step is the character segmentation, 
which consists in analyzing the digitalized 
image provided by a scanning device. Its 
purpose is to localize the limits of each character 

and to isolate them one from others. Despite of 
the writing constrains that does often exist on 
the original printed form, the segmentation 
process is not so easy in practice. 
The goal of the second step of the recognition 
process is to extract relevant information’s from 
an image of a character, as well as to reduce its 
dimension of representation. This reduction is 
required in order to make easier the design of 
the classification system, when relevant feature 
extraction allows presenting competently a 
character to the classifier only by using 
significant information. 
 
Once relevant features have been extracted, they 
are submitted to a classifier whose task is to 
identify the character that they represent and to 
assign them the corresponding ASCII code. This 
represents the classification step and, for some 
years, artificial neural networks have shown 
good capabilities in performing this kind of 
tasks. This is due to the non-linearity that is 
included in these connectionist systems, and to 
the training phase that allows a fine-tuning 
through learning. However, their performance is 
strongly affected by the quality of the 
representation of the characters. This may 
require a large number of parameters to 
represent the character, which then results in 
difficulty in establishing the rules for 
recognition. In other words, the network 
becomes difficult to train. Moreover, the greater 
the size of the network affects directly the 

Digitized 
text Segmentation Preprocessing 

Classification 

Figure 1. A typical recognition system 
structure.
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computation time. This can restrict their 
practical use. Therefore, it is necessary to 
perform efficient features extraction on the one 
hand, based on theirs relevance. 
On-line handwriting recognition, in contrast to 
off-line one [2], refers to the situation where the 
recognition is performed concurrent to the 
writing process. This distinction has some 
consequences, regarding further differentiations 
between on-line and off-line recognition. 
Among others, these involve important aspects 
like data acquisition, data representation, 
recognition methods and typical applications. 
On-line handwriting is a dynamic, digitized 
representation of a digital pen movement, 
generally describing sequential information 
about position, velocity, acceleration or even 
pen angles as a function of time [3]. 
In contrast to that, the off-line handwriting 
recognition is usually performed some time after 
creation. In this context, data is usually 
represented as a pixel matrix (scanned image). 
Further improvements could be made using 
more complex information like dictionaries [4, 
9]. 
 
Pre-processing 
 
As input data for tests, the NIST 19 database [5] 
was used. The NIST 19 contains handwritten 
text from 3600 writers. The text is composed 
from separate digit, upper and lower case and 
free text. Over 800000 images with hand 
checked classifications are stored. Aside the 
images from database, tools for compression 
/decompression are present. Because all tools 
are written in C for UNIX, but not adapted for 
80x86 architecture (consequently, Linux), they 
were adapted to this architecture. 
The images from database are black and white. 
The size for images that represent symbols is 
256 by 256 pixels. One pixel is stored on only 
one bit, so an image consume 256x256/8=8192 
bytes of memory. All images are stored one by 
another and the file is compressed using an 
implementation of the CCITT Group 4 
algorithm. More information about the database 
can be found in [5]. 

We have developed tools for visualizing the 
images from database, for extracting specifically 
images from database and creating files that can 
be used as input for artificial neuronal networks, 
for resizing and normalizing the images, for 
features extraction. 
 
Features Extraction 
 
All neuronal networks need training and test 
data. Because the complexity and the time 
required for training is growing exponentially 
with the size of the images, aside offering to the 
input the entire images, alternative methods 
must be found. 
Using as input the images in their brute form, 
256 by 256 pixels is unacceptable. First step is 
to resize the images to much lower dimensions, 
like 32 by 32 pixels. Even if the dimensions are 
smaller, the information is enough to represent 
clearly the symbols. Still, the input to the 
network is composed from almost one thousand 
numbers that imply a very long training time. 
Considering the fact that the central line 
preserves the topology of the initial image and 
decreases the number of relevant pixels in 
image, implicitly decreasing the computation 
time, the algorithm from [10] is applied on all 
characters before all other processing. 
In order to lower the training time, the size of 
the input must suffer further reduction. One way 
is to use as feature the so-called moment based 
invariant features [6]. The idea of these features 
comes from physics, specifically from mass 
centre and from moment of inertia. The general 
formula for moments is  

∫∫= dxdyyxfyxM qp
pq ),( ,  (1) 

where  is a function of two independent 
variables. The  function represents the 
intensity of the pixel  on the image. The 
parameters p   and q are positive integers and the 
integration is over the entire plane. In the case of 
discrete pixels, x and y   are coordinates  and the 

),( yxf
),( yxf

),( yx

 integrals is replaced with summation. 
According to [7],  is completely 
determined by the infinite sequence . 
Indeed, it is impossible to work with infinite 

),( yxf

pqM
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sequence and a small number of moments are 
sufficient. The moments offer a very small size 
for features vector and, in the same time, they 
contain sufficient information for recognition. In 
addition, they can easily normalized and they 
are unaffected by position, height, width and 
orientation of the original image. 
For binary, discrete images, equation (1) is 
rewritten using summations and the formula 
becomes 

∑∑=
x y

qp
pq yxfyxM ),( ,  (2) 

where . { }1,0),( ∈yxf
The mass centre is easily computed with: 

0010 / MMx = , 0001 / MMy =   (3) 
Equation (2) does not offer moments invariable to 
translation. Using the equations for the mass centre, the 
new formula for moments invariable to translation turn to: 

( ) ( )∑∑ −−=
x y

qp
pq yxfyyxxm ),(  (4) 

Moments with lower order are independent of 
the image and, consequently, useless for 
recognition purpose. Indeed, the only moments 
that contain information have the order greater 
than 2. In addition, the moments of large order 
are to particulars to respective sample image. 
Hence, we will work with moments with order 
smaller than seven, i.e. 72 <+< qp . Twenty-
two moments of this type exist. 

 
Test Environment Settings 

 
The tests were divided in three main groups, as 
presented in Table 1. The purpose was to see 
how the network is behaving with various sets 
of symbols. 
The first group contains five sets of similar 
symbols, i.e. all symbols from a set have 
resembled shapes. More exactly, for the set S2, 
all symbols contain a loop. In the case off c, the 
loop in not closed, but is almost a loop there.  
The set S3 is composed from symbols that have 
a long, vertical stroke. This group is intended to 
see how well a Self Organizing Network based 
on LVQ algorithm [8] is able to classify very 
resembling symbols. 
The second group is composed from four sets of 
symbols; each set containing two subsets of 
similar symbols, but the subsets are different 

each from other. Specifically, for T3, the first 
subset is formed from i and l, i.e. symbols with a 
long and vertical stroke, and the second subset is 
formed from u and y, i.e. symbols with a 
concavity pointing down. The purpose of this 
group is to see the behavior of network for 
simultaneous classifying similar and dissimilar 
symbols. 
The third group contain two sets of symbols, 
each set composed from dissimilar symbols. In 
the case of set D1, we have a – loop like 
symbol, l – long and vertical stroke, u – 
concavity pointing down, and z – horizontal and 
oblique strokes. These sets are intended to test 
the recognition ability of the LVQ network for 
very dissimilar symbols. 

Table 1. The test groups 
Group 1 Group 2 Group 3 

Set 
ID 

Symbols Set 
ID 

Symbols Set 
ID 

Symbols 

S1 a, o, b, q T1 a, o, i, j D1 a, l, u, z 

S2 d, b, p, c T2 a, o, u, v D2 1, 3, 8, 4 

S3 a, e, c, o T3 i, l, u, y   

S4 i, j, l, t     

S5 v, u,y, w     

 
Experiment and Results 
 
The results for group 1 witch contains similar 
characters are presented in figures 2 thru 6, and 
the overall recognition rates are plotted in figure 
7. For each set, we used 1000 samples for 
training and 240 samples for testing. 
The moments with order smaller or equals than 
five offer the best result. 
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Figure 2. Recognition rate for set S1. 
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Figure 3. Recognition rate for set S2. 
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Figure 4. Recognition rate for set S3. 
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Figure 5. Recognition rate for set S4. 
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Figure 6. Recognition rate for set S5. 
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Figure 7. Overall recognition rate for group 
1. 

 
Figures 8, 9 and 10 show the recognition rates 
for second group – two different subgroups, 
each containing similar characters. Analysing 
this group we get similar result. The moments 
with order smaller or equal than five offer the 
best recognition rate, as concluded by figure 11. 
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Figure 8. Recognition rate for set T1. 
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Figure 9. Recognition rate for set T2. 
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Figure 10. Recognition rate for set T3. 
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Figure 11. Overall recognition rate for group 2. 
 
The recognition rates for sets D from the third 
group are plotted in figures 12 and 13. The 
overall recognition rate is presented in figure 14. 
Indeed, also here, the moments with order 
smaller or equal than five offer the best 
recognition rate. 
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Figure 12. Recognition rate for set D1. 
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Figure 13. Recognition rate for set D2. 
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Figure 14. Overall recognition rate for group 3. 
 

Table 2 depicted the global recognition rates 
considering all sets. In this case, the overall 
recognition rate is computed as average of all sets, 
considering all groups. Finally, we can conclude 
that the moments of order smaller or equal than 
five are most suitable. 
 
 
Table 2. Overall recognition rates involving all 
groups  

Set/ 
moments 

3th order 4th order 5th 
order 

6th 
order 

S1 90.00 85.83 90.83 83.75
S2 87.08 85.42 85.83 82.92
S3 83.75 85.00 88.75 83.33
S4 72.08 91.25 86.25 83.33
S5 80.00 84.58 88.75 81.67

Group 1 82.58 86.41 88.08 83.00
T1 76.25 82.92 81.67 82.08
T2 69.17 68.75 72.50 62.08

Group 2 72.71 75.83 77.08 72.08
D1 73.33 82.92 87.08 84.17
D2 85.42 84.58 88.33 80.42
D3 83.75 89.58 86.67 91.67

Group 3 80.83 85.69 87.36 85.42
Overall 80.08 84.08 85.66 81.54
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Conclusions 
 
In this paper, we have studied the opportunity of 
using different orders moments, considering the 
effect on characters recognition rate. We used as 
input data for the classifier the moments 
computed for characters central lines. The 
experiment was performed on three main 
characters groups, each composed from sets of 
four characters. We aimed with these groups to 
studies the performance in various situations 
like four different shapes, two dissimilar subsets 
with two similar characters, and four characters 
with resembling shapes.  
Despite of the fact that the results are quite 
spread on different orders, we can conclude that, 
overall, the moments smaller or equal than five 
have offered the best recognition rate. The 
moments smaller or equal than four give almost 
the same recognition rate, with the 40% less 
time needed for training. 
Further studies will be devoted to combine the 
moments with another classifier based on 
topological information. The work will involve 
strokes and cycles extraction offering features 
like tilt, aspect ratio and chain codes. In 
addition, we will consider other recognition 
algorithms. 
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