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Abstract

The problem of handwritten symbol recognition
has been investigated. An algorithm of approximation and
breaks elimination has been developed. This approach
allows to simplify the description of symbols and remove
available errors. A method of structural recognition based
on the description of a structure for handwritten symbols
with the help of primitive sequences, robust to geometri-
cal distortions has been used. A structural classifier has
been used in a combination with the specified method of
the description. The technique for the analysis and optimi-
zation of a choice of feature extraction algorithm and its
parameters based on an estimation of clasterization quality
of training sample with the help of self-organizing neural
networks has been implemented. Computation algorithm
of Legendre moments is presented. A new method for
training RBF-neural network is represented. Classification
results for binary images (handwritten Arabic numerals)
are presented. On the base of classification results the
recommendations for choice of maximal order Legendre
moments and various classifiers are given.

1. Introduction

The system consists from two parts: structural rec-
ognition subsystem, and neural recognition subsystem [6,
7]. Methods of structural recognition have more potential
when it is necessary to achieve high recognition quality at
significant modifications and distortions in recognized
objects in comparison with an ideal one. We suggest the
structure of recognition system on the basis of comparison
with the standard. The structural methods, permitting to
select and recognize structure, are characterized by a sta-
bility to the distortions peculiar to handwritten symbols:
variations of a size, proportions, an angle of declination,
thickness of a line. The possibility of training allows to
adjust a system to various types of symbols (numerals,

letters of various languages, other symbols).

The structural subsystem operates according to the

following stages:

¢ filtration and thinning;

e approximation of the symbol on the base of graph
representation;

e elimination of the break-downs;

* exposition of a symbol structure via primitive se-
quences;

* recognition of an image by the search close ideal
description via the base of standards.

Neural subsystem performs feature extraction task
from the image on the basis of Legendre moments and
classifies them with the help of RBF network. So, real
output of the system is based on the best result of two
subsystems. Both subsystems has been trained on the
same data set of grayscale images.

2. Break-down elimination

The basic direction of the feature extraction (com-
pression) in a structural recognition of handwritten nu-
merals is selection of symbol structure with the help of
thinning [1], graph extraction and approximation. The
serious problem is the break-downs that takes place be-
cause of the errors of spelling and scanning, and causes
the large modifications in description of a symbol struc-
ture. The break-downs of handwritten symbols have been
investigated, and the fast heuristic algorithm of their
elimination has been developed. The break-downs can be
divided into three types. Figure 1 shows them.

It should be noted that the characteristic case is the
“point-line” break-down. It is appropriate to such situation
when square of distance between vertex of graph and the
nearest point of some edge, not incident to vertex and not
connected with it, is less than threshold P. The threshold
is usually defined by percentages from geometrical size of
a symbol that makes algorithm insensitive to symbol



magnitude.
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Fig. 1. Classification of break-downs

Let the edge 4,4, (figure 2) be given and there is a
point B, not lying on it. It is required to find coordinates
(x, y) of point C, belonging to the edge and the closest to
B.
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Fig. 2. Determination of the nearest point

We have obtained the following relation:
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Thus, the nearest point is defined and if the dis-
tance square BC is less than threshold P, then we have
break-down, which is easily eliminated by introduction of
edge BC. It is necessary to note, that as a result of break-
down elimination in the graph the edges that did not ex-
pose for approximation can appear. That is the approxi-
mation algorithm and break-downs elimination are prefer-
able for applying in a complex.

3. Primitive sequences

The method for simplified description and classifi-
cation, based on primitive sequences [2-4] (figure 3),
representing a curve of the defined direction has been
developed. For each primitive sequence it is possible to
determine the numerical value based on magnitude of its
turn. Thus turn is estimated on a difference of bisector
angles for each angle of a curve. Such approach is more
robust to geometrical distortions, than a simple difference

of primitive angles.
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Fig. 3. Primitive sequences
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For simplification of calculations the angle of bi-
sector is coded as j according to its angle range, when

j =0,3. Then, for a primitive sequence:
@ @02 o008 .0 ¢, 08 aqa,,

where j; is value of the appropriate bisector, and charac-
teristic of the sequence, defining turn, is determined on
the base of relation:

P:2+§{(jm ~ . (mod4)}

The relation allows to estimate a sequence cor-
rectly even in case when an angle difference between first
and last primitive is more than 277 If the sequence consists
only of two primitives, then P=2; if from only one we
count, that P=/. Number P is the basic value of a se-
quence which is robust for both turn and declination. So,
in some cases for a successful recognition the information
on declination is very important. Therefore an index of
declination value of the first bisector j; must be included
to describe the sequence. Thus, the pair (P, j;) may be
accepted as the description of one primitive sequence.



4. Training

The description based on these values is used at the
stage of recognition. The ordered list of description of all
primitive sequences for handwritten symbols has been
applied. Basing on such approach both recognized pattern
and each class in the base of standards are coded. The
recognition is reduced to searching the closest class. A
recognition sequence is the follows:

* in the base of standards of the classifier similar
standards are searched with the help of fast function of
distance.

* more detailed comparison is made to find stan-
dards, with the use of the information about mutual posi-
tioning of primitive sequences and methods of graph
comparison.

» if the recognized image does not correspond to any
standard it is rejected as erroneous (operating mode) or its
compressed description is added into the base of standards
(training mode).

Let us consider an example of distance function.
Let (P, ;" ),(P"”,j),...(P",j" ) be the list of
descriptions of primitive sequences for the recognized
class, and (P",j" ), (P”,j’ ),...(P™,j" ) be the
list appropriate to a class standard i. At each comparison
there is such sequence

(P, j7 ) (P, )7 ),..(P",j" ), that the value:

R =YL AP ~P* )+ B{(j! = j;' Jmod4)}] -

should be minimum for a class i, where 4 and B are ad-
justed factors. If the given function of distance is less than
threshold C then detailed comparison is implemented.

Values 4, B allow to set a degree of influence of
each performance on the result of the recognition and
determine influence P and j;, and value C influences on a
performance of a system functioning and quality of rec-
ognition.

Training of the system is made by adding into a
database of standards a description of those symbols
which recognition according to current base was not suc-
cessful. The quality of a recognition system strongly de-
pends on training sample choice.

According to the sequentially adding standards
there is a redundancy of that the added standard may
cover with the function of distance a part of already ex-
isting standards. We have used a method of minimization
of training sample for the structural classifier on the basis
of comparison with the standard with the help of distance
function. This method is specially oriented on work in the
structural classifier with distance function where classical
methods of cluster analysis are inapplicable. The basis of
this method is the concept of a covering by one ideal de-
scription another which can be rejected without decreas-

ing of a recognition quality if the given descriptions are
corresponding to one class. Application of a method has
allowed to reduce volume of the base of ideal descriptions
(standards) to 25 %, without essential loss of quality (Ta-
ble 1).

Table 1. Structural subsystem result comparison

Pattern Number Base after Test Correct Time,
type of num- minimiza- sam- mc
classes ber of tion ple
stan- size
dards
Stylized 36 360 360 3500 3320 19
symbol (94,8%)
Stylized 36 360 275 3500 3309 18
symbol (76,4%) (94,5%)
Any 36 492 492 5000 4389 23
symbol (87,8%)
Any 36 492 370 5000 4361 20
symbol (75,2%) (87,2%)
Digit 10 64 64 700 691 10
(98,7%)
Digit 10 64 52 (81,2%) 700 690 9
(98,6%)

5. Legendre moments

In feature extraction task considerable attention for
methods that use moment functions is given. Moment
invariant properties are investigated in [12,14]. There are
invariant on shifts, scaling and rotating of source object.
During research time various types of moment functions
were introduced, and fast computation algorithms for
different types of moments were created. This part de-
scribes Legendre moments using for handwritten character
informative feature extraction.

Two-dimensional Legendre moments for image
intensive function f{x,y) are defined as [6, 8]:
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where f{x,y) — picture element with coordinates (x,y);

Po(x)=1; P(x)=x; Py(x)=[(2k-1)xPy;(x) - (k-
1)P;»(x)] /k - Legendre polynomial by power k, k>1;

[20 n k>0 defines the order of moments.

Since definition area of Legendre polynomials is
-1=x<l1, then definition area of two-dimensional Legendre
moments is unit square, so a rectangle image of NxM
pixels with intensity function f(i,j), /<isN, 1sjsM will
have to be scaled the region /<x,y<I, and image center of
gravity must be located in the coordinate system origin.
For this:

*  source image center of gravity (i.j.) is computed;



» distance D from the center of gravity to the farthest
from it point of image is determined according to
equation

0G, j): D =max{|i, =i .| j. = Jl};

» scaling of image is performed according to
i, =1

_ ] B TH
(X,y)—( D ’ D )

Legendre moments to  maximum  order
MAX ORDER can be computed by pseudo-code:

for k:=0 to MAX ORDER
forl:=0tok
L(k-1,]):=0
fori:=1toN
forj:=1toM
x:=(j - jo)/D
y:=(i.—i)/D
L(k=-L1) := LO-L1) + Pe(x)*Po)*f(i)
end
end
L(k-11) := L(k-11)*(2k-21+1)*(21+1)/(N-1)/(M-1)
end
end

Legendre polynomials P;(x) forms full orthogonal
basis inside unit circle, so source image may be recon-
structed from the finite number of Legendre moments as
follows:

[y 0> LB (x)R().

Figure 4 shows source halftone image and recon-
structed images using various number of Legendre mo-
ments.
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Fig.4. Source and reconstructed images using Legendre
moments with maximum order 20, 40 and 60

6. Classifier on the basis of the
RBF-neural network

In the tasks of classification the large attention is
given to construction of classifiers on the basis of neural
networks [8, 11, 15]. Radial basis function (RBF) neural
network is two-layer neural network offered by Moody
and Darken in 1989 [13] (figure 5).

Fig. 5. The RBF- neural network architecture

The RBF-networks represent multilayer neural
networks with RBF-neuron layer, which activation func-
tion correspond to the radial basic function [9]

D’
R(D,) =exp| —— P
(D)) p[ 2W,~ZJ

where D; = |)? - Ei| is distance between an entry pattern

X and i—th cluster of the radial basic function Ei , O -

width of a cluster.

The RBF-neuron weight coefficients are associated
with cluster of the radial basis function. Thus, the output
data of RBF-layer represents a vector of closeness meas-
ures of entry pattern to all RBF-clusters.

The subsequent layers of such networks usually
evaluate a linear combination of these functions.

Vi =ZW4/R1‘ :

Key aspect for the RBF-network training is the
possibility of layer-by-layer training, that results in two-
phase training algorithm: a RBF-layer training and per-
ceptron layer training.

RBF-layer training.

The RBF-layer training consists of two tasks: defi-
nition of necessary amount of RBF-neurons, and their
weight coefficients setting. The training is produced by
the following rules:



If in RBF-layer there are no such neurons that
D; <O or amount of neurons is equal to 0, then it is

necessary to add a new neuron initializing its weights by
training pattern vector value.
Else modification i-th neuron weights for

min(D,) is performed in accordance with
0i
- . | R -
c;(t+1)=c,(1) e @x(z+1) —c; (1],
t+

where )_C’,El- are training vector and cluster vector ac-

cordingly, ¢ — number of the training vectors came into i-
th cluster.

Perceptron layer training

The perceptron layer training is made by a gradient
descent method with the purpose of the error function
minimization in weight coefficient space wy;:

2
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where n=/1..N] is amount of learning images, #; - target

value of an j-th output for a training pattern n.

A part of binary image database used in experi-
ments as training sample is presented in figure 6.

For classification the RBF neural network classifier
and minimal distance classifier [10] have been used. The
database for experiments has been consisted of 4000 im-
ages on 400 each class of numerals. Classification results
for different maximum order of Legendre moments are
presented in Table 2.

Table 2. Classification results comparison

Recognition percent, %
MAX ORDER Minimal dis- Neural net-
tance classifier work
5 76,4 92
10 90,6 98,2
15 91,6 98,7
20 88,4 98,7
25 85,2 98,5

The competitive neural network and Kohonen net-
work have been applied to optimize the parameters of
recognition system [5]. The base rule of training such
neural networks is selforganizing by increase weights of a
neuron-winner. The neuron-winner is determined with the
help of the minimum:

d; = |x-w'lf;

where |x-w'| - Euclidean distance between input
and weight vector, and f; — frequency of neuron wins.

Clusterization results of training sample by com-
petitive neural network are compared with training sample
splitting into classes. Comparisons are made at various
neural network configurations (number of inputs and
outputs). On their base next choices may be made:

1. The choice of the best algorithm of extraction of
informative features from the several perspective
ones.

2. The estimation of a possibility of informative features
number reduction or class quantity increase.

3. Check and filtration of training sample, removal of
defective patterns.
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Fig 6. Part of training sample

Conclusion

The hybrid system for recognition of handwritten
characters with the use of structural methods and neural
networks has been developed. The application of Legen-
dre polynomials and structural technologies to extract the
informative features is shown. Furthermore these methods
allow both to reduce space of features and increase per-
formance of calculations. The outcomes of experiments on
database consisting of 4000 images have ensured the high
average index (98%) on recognition accuracy.
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