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Abstract—The process of neural networks modeling for pattern recognized problem of printed characters
considered in this paper. Learning for pattern recognition preparing for a limited set of synthetic cha-
racters. It assumes the two-layer neural network training. The convergence of three learning algorithms is
studied. They are packet-based adjustment of weights and biases, the gradient, the algorithm based on the
computation of the Jacobian function weights. The article provides recommendations for the installation of
the initial parameters for a set of tools Neural Networks Toolbox software Matlab. Experimental results for
different settings customer networks given that confirms these propositions.

Index Terms—Neural networks; learning; gradient; Levenberg—Marquardt method; synthetic image.

I. INTRODUCTION

Image recognition is one of the most important
and interesting practical problems, and this problem
recently dedicated a significant number of publica-
tions, for example [1] — [7]. On the existing image to
need identify the object or to point it relation to a
certain class of images. The typical pattern recogni-
tion problem involves the analysis of the measure-
ment vectors and its comparison with some reference
vectors. This problem most easily decided when the
measurement vector attributed to one of two possible
classes. The most well developed and practically used
this theory in control problems for dynamic objects
when there are a couple of control actions, differing
in sign. These control actions associated with a sys-
tem that have control a “full speed” forward or
backward. Separation vector measurement performed
flat or curved hypersurface passing through the ori-
gin, which allow unambiguous identification of con-
trol signal or recognized it patterns. The hypersurface
determined by a mathematical model of the system.
As usually at the first step of recognition error occurs,
this situation needs correction recognition control
situations by linear or nonlinear learning scheme.

This approach is also applicable to pattern recog-
nized. Images is easy to divide into two classes, if we
have feature “good-bad”, “there is — there is no”
object at the pattern that we see. In this case, suffi-
cient merely implemented pattern recognition system
with learning, where all outcome situations divided
into three types as a recognition signals in control
systems [4]. Among them correct recognition — is the

expected result of the system, false alarm that im-
mediately revealed that we have received features
that are not typical of this system and releases when
the error recognition manifested in the operation of
the system. If these errors appear in a limited area of
low estimated value of measurement vector, that
there is a need to introduce the dead zone. The in-
troduction of this region contributes increases per-
formance, and further processing done by ways that
are more accurate.

Image recognition needs to increase the number of
features on which recognition should be leads. If it is
necessary to recognize the image, it may be that more
than two classes of known objects should carry out
classification.

II. PUBLICATIONS REVIEW

Neural network technology — very popular now,
though not fully studied the mechanism of finding the
correct solutions. The most widely used network
straight propagation signal and backward error
propagation. In theory, the main principle works
neural networks in detail described in [1], [3] — [5].
The problem of pattern recognition lately rises very
sharply. To get an excellent, high-quality image is
necessary to apply a considerable amount of effort, as
evidenced by the works [2], where the problem
solved by the method of filtering composition.
However, the use of filtering methods is acceptable
for primary image processing. In those cases, when
you need an understanding of the figure, for extrac-
tion of meaning is necessary to use the more difficult
methods of processing. These include methods of
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synthesis based on image processing by neural net-
works. Unfortunately, the single-layer network based
on simple perceptron are not able to process a com-
posite signal on that in due time pointed Minsky and
Papert [3]. However, with time, this drawback was
able to circumvent by use of the multilayer network,
wherein between the inlet and outlet used more than
one treatment layer.

A number of useful learning algorithms used in
neural networks presented in [4], [5]. In these studies,
the main emphasis placed on the gradient methods,
which requires knowledge and the ability to calculate
the derivative to determine the weighting coeffi-
cients. The main problem of these methods is the
convergence of customizable coefficients to satisfy of
certain criteria values. The need for adjustment leads
to growth and the possible loss of the reasonable
value of the weight vector [6].

It should be note that the search for a weight
vector based on a gradient algorithm network training
— a long process. We can to increase the speed of
convergence of the network if we refused of the
gradient of the error signal and replace it with a spe-
cial replacement Jacobian model, according to the
algorithm, which offered K. Levenberg and
D. Marquardt [7], [8].

One of the latest investigations published in this
area [7], in which presented in terms of the conver-
gence of the asymptotic behavior weights. Unfortu-
nately, this result is of limited use in the media, pro-
vides a set of Neural Networks Toolbox software
Matlab. Therefore, the main purpose of this paper is
to explore the possibilities of algorithms and settings
on their basis to make recommendations for the cre-
ation of the system for character recognizer.

III. PROBLEM FORMULATION

Let we have some image consisting of a limited
characters set. The image can be natural or synthetic.
In the interests of modeling advisable submit a letter
as a rectangular matrix of size M x N, where M > N.
With means of Matlab, for example, the letter B
created as a 5 x 7 matrix form

(11110
10001
10001
11110
10001
10001

(11110

(1)

Bucva B =

The letters that created this way we can see by the
function plotchar (), which displays it as a graphic
symbol in the following code

Fig. 1. Image of the letters B that creates a matrix (1)

We pose the problem of correct recognition of
letters from the incoming characters set. For solution
this problem in the program Matlab we use Neural
Network Toolbox that usually applicable for model-
ing neural networks.

IV. CREATION NEURAL NETWORK BY MATLAB

Given the complexity of the representation of the
input information, we selects a framework for rec-
ognition as a two-layer neural network with one
hidden layer (Fig. 2). The standard structure of each
layer includes a multiplier input vector /, the weight
matrix W, and the result of multiplying added to the
biases vector b, the result of the summation is arrived
to the functional converter 4 that compress input
space in a limited area output patterns. Adjustment
networks made by change of preset the initial values
of the weights W, and biases b, of neural networks.
To correcting functioning networks, the training
process applied at the inputs set by adaptation. The
comparison of output information and the reference
information done for this aim, this operation used for
correction of the network errors.

Hidden Layer Qutput Layer

Input

4 3xt 3
AN J
2 —purelin (LW +b2)

ul — (unsig (TWiipt +by

Fig. 2. The structure of the two-layer feedforward neural
network

The characters are arrive to the inputs of networks
at one, so the number of network inputs is determined
by the number of elements in a matrix, and the
number of outputs is determined by the number of
letters in the set. As a transfer functions are advisable
to select the functions that pass through the origin of
the space of recognizable characters. This is hyper-
bolic tangent and the straight line on the plane.
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+1
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Fig. 3. View of hyperbolic tangent

Fig. 4. View of linear dependence

Formulas representation of the transfer function of
hyperbolic tangent (tansig) that calculated in Matlab,
has the form

2

atm) = 1+ exp(—2n) -

L, @)

and linear function (purelin)
a(n)=n. ?3)

Setting up a network is in accordance with some
algorithm that minimizes the selected criteria of
quality network performance. Traditionally used as a
criterion for error, named — &. This package have
three options for calculating error:

— the average value of the absolute error, the
function “mae”

Sy, -1

e=—2 |y, —1l, “
N o

where y; is the output value in the i-step of setting; / is
the a reference vector; N is the number of steps serial

corrections;
— mean square error value, the function “mse”

Ls 1)? 5
S—N;(yi_) s ()

— sum of squared errors (“sse”

=Y (- 1) ©)

Commonly expression the algorithm of setting the
network weighting coefficients formed as

wy=w AW, (7

where w; is the coordinate of the weight vector, and
Aw; its increment to the j-th step of the network set-
tings. Increment Aw; plays a very important role in
adjusting the weight vector: its sign determines the
direction and magnitude of the step adjustment. There
are several approaches to determining Aw;. Correct-
ing properties for w is a direct error € (function
«trainby)

j g ®)

where o; — the factor that determines speed learning
networks, its gradient (function “traingd”)

Aw, =—o grad(g;), )
and the Jacobian (function “trainlm”)
(10)

where H — means Hessian and J — Jacobian matrixes
of weighting coefficients; I is the identity matrix; p is
the regularization parameter. The calculation of ad-

-1 7T
Aw, =(H+ul) J g,

justments to the weights (10) also known as the Le-

venberg—Marquardt algorithm.

We investigate the effectiveness of algorithms
settings (8) — (10) for a two-layer neural network
Fig. 2 according to the indexes accuracy (5) and
set-up time by means of a software package Neural
Networks Toolbox software Matlab in recognizing
synthetic alphabetic characters defined by me-
thod (1).

IV. SIMULATION NEURAL NETWORKS

As a sequence is selected the set of the first seven
letters of the alphabet, namely {4, B, C, D, E, F, G}.
We will construct a neural network in accordance
with the general approach [9] that included steps
such as:

— create learning and target data;

— configure the network;

— initialize values of weights and biases;

— train the network;

— validate the network;

— use the network.

It is supposed to build a network of forward
propagation with the back-propagation errors. In
practice, learning a multilayer neural network input
data divided into three subsets: training, validation
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and testing. Training subset used to calculate the
increment Aw; and updating weights w and biases b in
accordance to the chosen criterion (4) — (6).

Using a validation subset also leads to
“re-training” network. If operation of the algorithm is
correct, will decrease error signal in tuning. If the
error for this subset is increased, that will take place
re-training network for input data. Network weight
and biases, which found for network training, stored
for a minimum specified testing subset.

The test data subset not used for teaching. His goal
to check created model neural network. If the error of
subset test from previous subsets considerable dif-
fers, that will indicate an incorrect division of the set
of input data.

We will use function dividerand (), which by de-
fault divides at random the original set on three sub-
sets with a ratio of 0.7: 0.15: 0.15. In our case, it is a
5:1: 1.

Created a two-layer neural network of forward
propagation by function feedforwardnet (Hidden-
Sizes, trainFcn) with two arguments. In Fig. 5 shown
investigated neural network, it have 35 input ele-
ments that corresponds to the number of elements in
the matrix and 6 neurons in the hidden layer and 7 in
output layer that is determined by the total number of
characters in the set and the same network outputs.
We investigate the network (Fig. 5) for the algorithm
(8) — (10) for the case where € = 0.01, the maximum
number of iterations N = 25000. If network not
trained, that network after the first iteration provides
error detection letters. For example, if necessary, to
identify a second set of symbol “B”, the network
produces a fifth— “E”.

-I01x
Hidden Layer Output Layer 4l
Input

case, the use of neural network produces the correct
result - number of characters in the set.

Analysis of the study (Table. 1) showed that the
fastest method learning the network is algorithm of
Levenberg—Marquardt [6], [7], [9]. Gradient and
batch algorithms are slow and to get good results
require re-training networks. In order to reduce the
number of calculations it is advisable to refuse from
characteristics that is set default, set their new and to
carry out a series of experiments with them.

We will created also version of these characters
with noise. We will use the functions repmat (4, N, P)
and randn (N, P) for this aim. The first function
allows you to repeat exactly copy of the original
matrix in the newly formed matrix (N % P), where N is
the number of rows and P is the number of columns
of the new matrix. The second function defines the
matrix size N x P with elements distributed accord-
ing to the normal distribution law with the expecta-
tion is @ = 0 and standard deviation o = 1. Fig. 6
shown 5th symbol of input set that distorted noise and
displayed Matlab means.

IR
H X =

X

X.
%&&@~
23 DDA

Fig. 6. View symbol of the input sequence with noise

We shall investigate the neural network with the
same error parameter, the maximum number of ite-
rations of the adaptation algorithm settings (8) — (10),
which in the ideal case without noise. Results of the
study network noisy sequence shown in Table II.

TABLE I1

THE NOISE INFLUENCE ON THE RECOGNITION PROCESS

Algorithm trainb traingd trainlm
Time, s 115 157 4
Iterations 19067 24952 15
Error 0.01 0.01 0.003

Kl
Fig. 5. Neural network for investigations
Results of the study presented in Table I.
TABLE |
INVESTIGATION OF ALGORITHMS SETTINGS WITHOUT NOISE
Algorithm trainb traingd trainlm
Time, s 55 134 4
Iterations 9370 21185 6
Error 001 0.01 0,002

In all cases, the network settings correctly identi-
fies the input characters from a given set. In each

In all cases, the configured network is correctly
identifies input characters from a given set, it gives
the correct result — number of characters in the set. As
expected learning outcomes for the signal with the
noise longer. Saving time learning for algorithm
Levenberg—Marquardt explained by the greater value
of a network error.
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Positive results obtained on the base of synthetic
images and we make forecast the possible use of
these networks and to real images.

IV. CONCLUSION

Neural network technology define the mechanism
of recognition of characters in a given set. This me-
chanism is iterative, requiring prior learning network,
consisting in setting the initial values of the weight-
ing coefficients. Considered teaching methods based
on the criteria of errors and have a different speed of
convergence to a positive result. The first two me-
thods are slow; require additional time for setting the
weighting coefficients. The latter, based on the Le-
venberg—Marquardt algorithm, gives significantly
better results, which is about 10—100 times better than
algorithms batch and gradient. A possible method of
increasing the rate of convergence of a neural net-
work may be the refusal of the automatic installation
of weighting coefficients by default and setting
coefficients close to the optimal regime of recogni-
tion. In each case, the use of the network leads to a
study based on the variation of parameters such as:
the value error, number of layers and iterations al-
lowed. Further studies we will direct to the devel-
opment of neural network technologies, involving
recognition of real characters.

Kucherov Dmitro. Doctor of Science. Professor.
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. II. Kyuepos, I. B. Oripko, O. 1. Oripko, T. I. I'onenkiBcbka. Heiiponni MepexxeBi TexHoJiorii 1Jis1 po3mizHa-
BaHHA CUMBOJIIB

PosrisinyTO Mporiec MozentoBaHHS HEHPOHHUX MEpEX JUIs 3a7aui po3Mi3HaBaHHs OYKBEHHWX CHUMBOJIB. HaB4aHHS po3-
Mi3HABAHHIO IPOBOAUTHCS Ha OOMEXEHOMY HaOOpi CHHTETHMYHMX CHMBOJIB. J[1s 1poro nependavyaerbcsi HEWpOHHA
Mepexa, 10 CKIAJa€ThCs 3 IBOX IIapiB, OAWH iX HUX NMPUXOBAHHM, NPYrHi BUXiAHUN. BHBUEHO 301KHICTH TPHOX ajro-
PUTMIB HaBYAHHS: AJITOPUTM MAKETHOTO KOPUT'YBAHHS Bar i 3MillleHb, TPAIEHTHHUI 1 aJITOPUTM, 3aCHOBAHHIA Ha 00YHUC-
neHHI MaTpuIl SIko6i ¢yHkIi# Bar. Hagano pekoMeHmalli 3 yCTAHOBKH IOYATKOBUX MapaMeTpiB JUIsi HA0OpY IHCTPY-
MeHTIB HelipoHHOI Mepexi Neural Networks Toolbox mporpamuoro 3a6esneuenHs Matlab amst BupieHHs 1bOro 3a-
BIaHHA. EXCIIepUMEHTaIbHI Pe3yabTaTH i ATBEP/DKYIOTh BUCYHYTI MIPHUITYIIICHHS.

KirouoBi ciioBa: HefipoHHI Mepeski; HABYAHHS; TPAIIEHTHUH MiaXia; aaroput™ JleBenOepra—MapkBap/aTa; CHHTCTHIHE
300pakeHHSL.
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MO3HABAHUS CHMBOJIOB

PaccMmoTpen mporiecc MOIenupOBaHus HEHPOHHBIX CeTeH ISl 3a1a4M Paclio3HaBaHUs OYKBEHHBIX CUMBOJIOB. O0yueHue
paco3HaBaHUIO MMPOBOIUTCSA HA OrPAHUYEHHOM HAOOpPE CHHTETHYECKUX CHUMBOJIOB. JIJIsi 3TOrO Ipearonaraercsi Hew-
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