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Abstract—In this article we present the implementation of a
neural network model trained with a high noise level using a
backpropagation algorithm and the experimental results for
printed character recognition, based on the idea of using the
primary information by reorganising it in a different format.
The values obtained at the outputs of each network are
processed by using analysis algorithms designed for this
purpose. The suggested model is made up of two neural
networks and two analysis modules. In M1 Module we
designed a value analysis algorithm for all the outputs of the
two neural networks in order to select the best values provided
by the networks. The M2 Module also contains a designed
algorithm, which assesses the data based on the fact that the
highest values are directly correlated with the probability of
correctly identifying the characters entered into the networks.

Results are obtained for noise of up to 50% applied to the
input data. The values obtained at the outputs of the two
modules emphasises the increase of the printed character
recognition level up to 89.1% for the M1 module and up to
89.8% for the M2 module, the number of errors decreasing vis-
a-vis the RNA2 network response from 12.5% to 10.9%, and
10.2%, respectively. In order to set up the hidden layer of 90
neurons, a value of 92% was obtained at the output of the M2
analysis module.

The performed model increased the printed character
recognition rate by using the same primary information in a
different manner. The validity and functionality of the
suggested model are confirmed by experimental results.

Index Terms—backpropagation, character recognition,
neural networks, noise perturbation, training algorithm.

I. INTRODUCTION

The article presents an architecture based on neural
networks and analysis blocks designed to improve the
performance of a character recognition system.

The neural networks are parallel structures made up of
interconnected neurons. These networks have an increased
performance and a fast response in data processing. For
character recognition, Martin and Pittman used networks
trained with the backpropagation algorithm [1]. The same
algorithm was also suggested by Fukumi and others in [2].
Very good results for the recognition of graphical or
handwritten shapes can also be achieved with the help of
fuzzy neural network architectures that use neurons and
fuzzy logic and with convolutional neural network (CNN)
[3].

Applying a controlled amount of noise during training
may improve convergence and generalization performance.
State of the art outliers (data samples with a high noise
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level) scores are not standardized and often difficult to
interpret [4-5].

II. NEURAL NETWORK ARCHITECTURE

The neural networks are architectures that use several
layers with interconnected neurons. The standard neuron has
N weighted inputs and one output. The result of adding up
all x; inputs and the wy ratios are transferred at output
through a f() non-linear activation function described by the
equation (1):

Yi = f[iwijxi _T} M

where i=1...N represents the N inputs and T represents
the neuron’s inner limit.

In general, there is an input layer, a hidden layer and an
output layer that use activation functions with the purpose of
limiting the variation area of its output at a preset area
(limit, sigmoid or Gauss function).

Because sigmoid functions have the non-linearity and
differentiality advantage, for the neurons of the hidden layer
the logsig non-linear activation function described in the
equation (2) is used. For the output layer, the same equation
is used because this offers values in 0 - 1 area [6-7].

¢(v)=1+e%w) @

Since the training of a network is in general slow and it
requires thousands or tens of thousands of ages, learning
acceleration methods are used. The most common methods
are the momentum and the application of a variable learning
rate described in equations (3) and (4):

AW, (p) = AW, (p)+ - AW, (p~1) 3)
7,(p) = { u-77; (p—1),sgn(Aw; (p)) = sgn(Aw; (p—1)) @)
I d -77; (p —1),sgn(Aw; (p)) = —sgn(Aw; (p — 1))

where Awj; (p) represents the gradient of the weights and
n,(p) Tepresents the learning rate [10-11].

For the character recognition problem, the
backpropagation algorithm with the variable learning rate
method is used. The method consists of using a learning rate
for each weight, and the parameters are adapted at each
iteration depending on the consecutive signals of the
gradients. The learning process stops when the established
error level is reached .

III. SUGGESTED MODEL

Two neural networks have been designed, marked with
RNAI and RNA2. The network’s architecture contains an
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input layer, a hidden layer and an output layer. The inputs of
the input layer are 35 for RNA1 and 40 for RNA2. The
number of neurons from the hidden layer is 30 and the
output layer contains 26 neurons, each for every character of
the alphabet. All neurons from the hidden layer are
completely connected with the input layer and with the
output layer, as shown in Fig. 1. The transfer function used
for the hidden layer and for the output layer is logsig.

"26 Outputs
" (logsig)

Hidden
(logsig)

Figure 1. Architecture used for RNA1 and RNA2

In Fig. 2 a diagram of the suggested model is presented.
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Figure 2. Architecture with two neural networks and analysis modules

The first RNA1 network has a number of 35 inputs, the
input vector having the shape of a matrix of 5x7 bits and the
second RNA2 network has a number of 40 inputs, the vector
used at input having the shape of 10x4 bits.

For the network’s training the traingda algorithm is used.
The momentum parameters and the training rate have been
improved for this type of printed character recognition
application [12-14]. Training with noise can also improve
generalization in feedforward networks. The training has
been performed in several phases, using sets of data with
different level of disturbance in 0.1-0.99 area (from 10% to
99%).

IV. MODEL TESTING AND EXPERIMENTAL RESULTS

Tests have been performed by using the randn() function
as a noise source from the Matlab environment, for both
characters and background [15]. The charts from Fig. 3 and
Fig. 4 present the distribution of these values:
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Figure 3. The distribution of values for the “A” character
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Figure 4. The distribution of values for the “C” character

It has been found that the distribution of the noise
overlapping the test characters contains values within the
area of -1.000 - +1.500. Bits of “0” and of ”1” are modified
from 0% up to 100%, the noise having a major impact over
all characters and implicitly over the neural network’s
recognition level.

In Fig. 5, there are presented the undisturbed and
disturbed A, B, C and D characters with coefficient between

0.1 and 0.99. X 5 G 5
RNA 1 ? i :‘ l:
oo g e e

wliihNﬁoizse I.F ; -. -'. II.II.": ! " U

Figure 5. A, B, C and D characters undisturbed and disturbed by noise

In Table I, there are presented the disturbance effects
over bits of ”0” and of 17, and the response of the network.

TABLE 1. DISTURBANCE LEVEL OF A, B, C AND D CHARACTERS
A B C D
INo. of "1" bits 16 20 13 18

INo. of "0" bits 19 15 22 17
The bits’ degradation value (in %)

B O I I A S R A A
70 41 | 100 47 80 | 100 | 100 | 99
59 38 67 39 47 | 100 | 100 | 79
59 36 59 29 38 95 91 | 75
56 33 21 26 35 82 80 | 67
36 32 21 17 33 74 43 | 59
24 9 16 12 27 68 41 | 57

14 13 3 20 66 40 | 48
11 9 20 34 36 | 46
16 16 | 42
9 9
No. of "1"
affected bits 8 ? 8 12
No. of "0"
affected bits 6 7 1 1
Total
disturbed bits 14 16 19 23
Identification Match Match Mismatch | Mismatch
Identicated | Identicated
as "D" as "X"

By analysing the value of the four characters presented as
example, we can conclude that the 14 disturbed bits in the
case of letter A, the values of 4 bits are modified by 50%
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and for the letter B, 3 bits from the total of 16 bits are
modified by 50%. In the case of letters C and D, a number
of 8 bits and 10 bits respectively, are modified within the
area of 40%-100%. One may observe that for a number of
disturbed bits smaller than half of the total number of “1”
bits, the network correctly identifies the character. When the
information is strongly disturbed and this rate is exceeded
the network generates errors. Tests have been performed on
10 batches, each with 100 sets of different data. Each set
contains all the disturbed characters of the alphabet. The
final values represent the average of those 10 batches.

Because the networks react slightly different for the same
primary information, two modules of assessing the output
values of the neural networks have been designed.

The M1 module assesses the values of those 52 outputs
and selects the maximum value for each output. The M2
module assesses the sums obtained from the two networks
and chooses the character with the best set of values as the
correctly identified character. The RNAI and RNA2
networks have been trained with the same type of noise. The
results at their output are materialized in mean values in
correctly identification percentages of the tested characters,
of 86.4% for RNA1 and of 87.5% for RNA2. The variation
of the results vis-a-vis the mean value is plus/minus +0.5%.

For the M1 module a character recognition coefficient of
89.1% was obtained, and for the M2 module, the system’s
performance reached the value of 89.8%. All the above
mentioned four values are assessed for a mean noise of 50%
applied to the input vector.

In Table II and Table III, there are presented as partial
examples the values obtained at the output of the two
networks.

TABLE II. VALUES PROVIDED AT THE RNA1 OUTPUT
Q R S T U \Y W | X Y z
0.92

0.99

1.00 0.01

0.47

0.98 [ 0.99

0.99 0.57

1.00

0.98 0.22 0.10

0.03 0.99 | 097

Nl<|X|S|<|c|d|w|x|O

0.98

TABLE III. VALUES PROVIDED AT THE RNA2 OUTPUT
Q R S T U \Y W | X Y z

0.99

1.00

0.99

0.31

0.90 | 0.96

0.01

1.00

0.99 0.07

0.97

N|<|X|s|<|c|d|w|x|O

0.17
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The values from the hachured cells represent erroneous
character identification. Horizontally characters entered into
the network are presented and vertically we have the value
of the outputs.

Table IV presents intermediate values and Table V
illustrates the values obtained at the output of the M2
analysis block.

TABLEIV. VALUES PROVIDED AT THE OUTPUT OF THE M2
PARTIAL ANALYSIS BLOCK

Q R S T U \Y W | X Y z

191

1.99

1.99 0.01

0.78

1.88 1.95

0.99 0.58

2.00

197 | 029 0.10

0.03 0.99 | 1.94

N|<|X|S|<|c|d|w|xn|O]|

1.15

TABLE V. VALUES PROVIDED AT THE OUTPUT OF THE M2
ANALYSIS BLOCK AFTER ANALYSIS

Q R S T U \Y W | X Y Zz

1.00

1.00

1.00 0.01

0.78

1.00 1.00

0.99 0.58

1.00 | 0.29 | 0.10

0.03 0.99 1.00

Ni<|X[S|<|c|d|w|xo|O|

1.00

Assessing Table II (RNA1) we may conclude that for the
X and Y outputs, the neural network reacts with values
closer to 0.98 for X and 0.99 for Y. In this case, the
probability of identifying the character correctly is of 50%.
RNA2 from table no. 3 ensures identification of 100% for
the X character and of 0% for the Y character, the final
probability being of 75% for the X character and of 25% for
the Y character. Based on the information provided by the
second network, the data are assessed in correlation with the
response from the second network (Table IV). Because
RNA2 provides a value for the X output closer to 1.00
(0.99) and the value for the Y output is of 0.07, the analysis
algorithm shall mark the X character as correctly identified
(Table V). In the case of the disturbed V character entered
into the network, the block shall identify it as the U
character, thus representing an erroneous recognition.

In the diagram and table from Fig. 6 there are presented
the final results of the suggested model. Horizontally, the
disturbance level in percentages is presented (from 0 to
50%) and vertically it is presented the number of all the
errors divided by 100.
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—+—RNAL 0,200 /3
—=— RNA1 noise
—+—RNA2

RNA2 noise

0,150

0,100

—*— M1

——M2 0,050

%

0,000 —=
5 10 15 20 25 30 35 40 45 50

—+—RNAL 0,000 | 0,000 | 0,000 | 0,000 | 0,003 | 0011 | 0,038 | 0,077 | 0,133 | 0,205
—=—RNAL noise| 0,000 | 0,000 | 0,000 | 0,001 | 0,004 | 0,011 | 0,025 | 0,050 | 0,088 | 0,136
—4—RNA2 0,000 | 0,000 | 0,000 | 0,000 | 0,003 | 0,012 | 0,036 | 0,078 | 0,130 | 0,197

RNA2 noise| 0,000 | 0,000 | 0,000 | 0,001 | 0,004 | 0,009 | 0,025 | 0,048 | 0,078 | 0,125
——ML 0,000 | 0,000 | 0,000 | 0,000 | 0,002 | 0,007 | 0,016 | 0,037 | 0,065 | 0,109
——M2 0,000 | 0,000 | 0,000 | 0,000 | 0,002 | 0,006 | 0,016 | 0,035 | 0,061 | 0,102

Figure 6. Diagram and values experimentally determined (noise up to 50%)

The hidden layer was reconfigured for RNA1 and RNA2
networks by increasing the number of neurons at 45, 60, 75
and 90. The results obtained at the output of M1 and M2
analysis modules are presented in Fig. 7 and Fig. 8.
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Figure 7. The number of errors (M1 module) for input noise up to 50%

Horizontally, the disturbance level is presented and
vertically, the number of character identification errors.
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Figure 8. The number of errors (M2 module) for input noise up to 50%

For M1 module we may observe a decrease in the number
of errors for 45, 60 and 75 neurons, that is 9.3%, 9.0% and
8.4% and it is found that for the configuration with 90
neurons, the number of errors increases a little (8.5%).

For the M2 module a decrease in the number of errors,
from 10.2% for the configuration of 30 neurons to 9.2% for
45, 8,5% for 60, 8.1% for 75 and to 8.0% for the
configuration of 90 neurons is observed. Accordingly, the
system’s recognition percentage increased from 89.8%
(n=30) to 92% (n=90 neurons). It is found that as the
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number of neurons grows, it appears the phenomenon of
limiting the system’s performance towards the value of
91.9% for 75 neurons and of 92% for 90 neurons. The
network’s complexity and necessary volume calculation in
the training phase are not justifying the percentage of 2.2%
obtained additionally, unless the architecture is used in
sensitive applications or it requires errors as small as
possible.

V. CONCLUSION

For the suggested model, using the primary information
reorganized in a different format, the conclusion determined
based on the assessment of the values obtained at the
outputs of the two modules emphasize the increase of the
character recognition level up 89.8% for the M2 module, the
number of errors decreasing vis-a-vis the response of the
RNA2 network from 12.5% to 10.2% for a mean noise of
50% applied to the input vector. The application requires
greater accuracy, and better results are obtained by
increasing the number of neurons from the hidden layer of
each network from 30 to 45, 60, 75 and 90 neurons. For a
configuration of 90 neurons a character recognition level of
92% was obtained at the output of M2 analysis module. The
suggested architecture shall be developed by using more
neural networks and the analysis algorithms shall be
optimized in order to improve the system’s performance.
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