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ABSTRACT

This paper presents creating the Character
Recognition System, in which Creating a Character
Matrix and a corresponding Suitable Network
Structure is key. In addition, knowledge of how one
is Deriving the Input from a Character Matrix must
first be obtained before one may proceed.
Afterwards, the Feed Forward Algorithm gives
insight into the enter workings of a neural network;
followed by the Back Propagation Algorithm which
compromises Training, Calculating Error, and
Modifying Weights. A problem encountered with a 20
x 20 matrix is time-consuming training, which is
conquered with Manual Compression.

1. Introduction

One of the most classical applications of the
Artificial Neural Network is the Character
Recognition System. This system is the base for
many different types of applications in various fields,
many of which we use in our daily lives. Cost
effective and less time consuming, businesses, post
offices, banks, security systems, and even the field of
robotics employ this system as the base of their
operations. ~ Wither you are processing a check,
performing an eye/face scan at the airport entrance,
or teaching a robot to pick up and object, you are
employing the system of Character Recognition.

One field that has developed from Character
Recognition is Optical Character Recognition (OCR).
OCR is used widely today in the post offices, banks,
airports, airline offices, and businesses. Address
readers sort incoming and outgoing mail, check
readers in banks capture images of checks for
processing, airline ticket and passport readers are
used for various purposes from accounting for
passenger revenues to checking database records, and
form readers are used to read and process up to 5,800
forms per hour. OCR software is also used in
scanners and faxes that allow the user to turn graphic
images of text into editable documents. Newer
applications have even expanded outside the
limitations of just characters. Eye, face, and
fingerprint scans used in high-security areas employ a
newer kind of recognition. More and more assembly
lines are becoming equipped with robots scanning the
gears that pass underneath for faults, and it has been
applied in the field of robotics to allow robots to
detect edges, shapes, and colors.

Optical Character Recognition has even advanced
into a newer field - Handwritten Recognition, which
of course is also based on the simplicity of Character
Recognition. The new idea for computers, such as
Microsoft’s new Tablet Pc, is pen-based computing,
which employs lazy recognition that runs the
character recognition system silently in the
background instead of in real time.

2. Creating the Character Recognition System
The Character Recognition System must first be
created through a few simple steps in order to prepare
it for presentation into MATLAB. The matrixes of
each letter of the alphabet must be created along with
the network structure. In addition, one must
understand how to pull the Binary Input Code from
the matrix, and how to interpret the Binary Output
Code, which the computer ultimately produces.
Character Matrixes
A character matrix is an array of black and white
pixels; the vector of 1 represented by black, and 0 by
white. They are created manually by the user, in
whatever size or font imaginable; in addition,
multiple fonts of the same alphabet may even be used
under separate training sessions.

Creating a Character Matrix

First, in order to endow a computer with the ability to
recognize characters, we must first create those
characters. The first thing to think about when
creating a matrix is the size that will be used. Too
small and all the letters may not be able to be created,
especially if you want to use two different fonts. On
the other hand, if the size of the matrix is very big,
their may be a few problems: Despite the fact that
the speed of computers double every third year, their
may not be enough processing power currently
available to run in real time. Training may take days,
and results may take hours. In addition, the
computer’s memory may not be able to handle
enough neurons in the hidden layer needed to
efficient and accurately process the information.
However, the number of neurons may just simply be
reduced, but this in turn may greatly increase the
chance for error.

A large matrix size of 20 x 20 was created, through
the steps as explained above, because it may not be
able to process in real time. (See Figure 1) Instead
of waiting a few more years until computers have
again increased in their processing speed, another



solution has been presented which will be explained

fully at the end of this paper.
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Second Font
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creating perfect 1's and 0's. After the network is
trained the output is passed through the competitive
transfer function compet. This makes sure that the
output corresponding to the letter most like the noisy
input vector takes on a value of 1, and all others have
a value of 0. The result of this post-processing is the
output that is actually used.
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Figure 1 Character Matrix A of Different Fonts

3. Neural Network

The network receives the 400 Boolean values as a
400-element input vector. It is then required to
identify the letter by responding with a 26-element
output vector. The 26 elements of the output vector
each represent a letter. To operate correctly, the
network should respond with a 1 in the position of
the letter being presented to the network. All other
values in the output vector should be 0. In addition,
the network should be able to handle noise. In
practice, the network does not receive a perfect
Boolean vector as input. Specifically, the network
should make as few mistakes as possible when
classifying vectors with noise of mean 0 and standard
deviation of 0.2 or less.

4. Architecture

The neural network needs 400 inputs and 26 neurons
in its output layer to identify the letters. The network
is a two-layer log-sigmoid/log-sigmoid network. The
log-sigmoid transfer function was picked because its
output range (0 to 1) is perfect for learning to output
Boolean values.

The hidden (first) layer has 52 neurons. This number
was picked by guesswork and experience. If the
network has trouble learning, then neurons can be
added to this layer. The network is trained to output a
1 in the correct position of the output vector and to
fill the rest of the output vector with 0's. However,
noisy input vectors may result in the network not

al=logsig(IW1,1P1 +bh

a’=logsig(LW,,a' +b%)

Figure 2. Neural Network Architecture

5. Setting the Weights

There are two sets of weights; input-hidden layer
weights and hidden-output layer weights. These
weights represent the memory of the neural network,
where final training weights can be used when
running the network.

Initial weights are generated randomly there, after;
weights are updated using the error (difference)
between the actual output of the network and the
desired (target) output. Weight updating occurs each
iteration, and the network learns while iterating
repeatedly until a net minimum error value is
achieved.

First we must define notion for the patterns to be
stored Pattern p. a vector of 0/1 usually binary—
valued. Additional layers of weights may be added
but the additional layers are unable to adopt. Inputs
arrive  from the left and each incoming
interconnection has an associated weight, wj. The
perception processing unit performs a weighted sum
at its input value.

n
The sum takes the form net = ZI: o W,

=
Weights associated with each inter connection are
adjusted during learning .The weight to unit J from
unit j from unit I is denoted as w; after learning is
completed the weights are fixed from 0 to 1.
There is a matrix of weight values that corresponds to
each layer at inter connections as shown in figure 3.



Weights

These matrices are indexed with superscripts to
distinguish weights in different layers.

0.2,0.3,0.4,0.5,0.6,0.7,0.9,0.2,0.4,0.5,0.9,0.7,0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8
0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7.4,0.7,0.8,0.2,0.4,0.0,3,0.2
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2,0.5,0.8
0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2,0.5,0.6,0.4,0.7,0.9
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.7,0.5,0.1,0.2,0.5,0.8
0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7.4,0.7,0.8,0.2,0.4,0.0,3,0.2
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2,0.5,0.6,0.4,0.7,0.9
0.2,0.3,0.4,0.5,0.6,0.7,0.9,0.2,0.4,0.5,0.9,0.7,0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8
0.2,0.3,0.4,0.5,0.6,0.7,0.9,0.2,0.4,0.5,0.9,0.7,0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2,0.5,0.8
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2,0.5,0.8
0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.2,0.3
0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2
0.7,0.8,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2
0.5,0.8,0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9
0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2,0.5,0.6,0.4,0.7,0.9

Figure 3 A Matrix of Weight Values

6. Training

To create a network that can handle noisy input
vectors it is best to train the network on both ideal
and noisy vectors. To do this, the network is first
trained on ideal vectors until it has a low sum-
squared error. Then, the network is trained on all sets
of ideal and noisy vectors. The network is trained on
two copies of the noise-free alphabet at the same time
as it is trained on noisy vectors. The two copies of the
noise-free alphabet are used to maintain the network's
ability to classify ideal input vectors. Unfortunately,
after the training described above the network may
have learned to classify some difficult noisy vectors
at the expense of properly classifying a noise-free
vector. Therefore, the network is again trained on just
ideal vectors. This ensures that the network responds
perfectly when presented with an ideal letter. All
training is done using backpropagation with both
adaptive learning rate and momentum with the
function trainbpx.

6.1 Forward- pass

The forward — pass phase is initiated when an input
pattern is presented to the network, each input unit
corresponds to an entry in the input pattern vector,
and each unit takes on the value of this entry.
Incoming connection to unit J are at the left and
originate at units in the layer below.

The function F(x), a sigmoid curve is illustrated as
shown in figure 4.

F(x)
A

Sigmoid

0 5
Figure 4 Sigmoid Curve

There is a transition from 0 to 1 that takes place when
x is approximately (—3 < y <3)the sigmoid

function performs assort at soft threshold that is
rounded as shown in figure 5 bellow.

F(x)
A
1
Step Function
0 > X
-5 0 5

Figure 5 Step Function

The equation for the sigmoid function is

f=—

1+ei:1 oi Wi

a. Input layer (i)
For input we have 26 inputs will be saved by the

DAT file. Input Layer at neuron = output layer of
neuron /, = O,

b. Hidden layer (h)
Hidden—Layer input h =1, :ZWkiO[ as we
i

have suggest that our weight is this and we are taking
the value at our input at character is A*I*S. Where A
is the input-matrix, I is the hidden-layer input matrix
and S is the Sigmoid function matrix as shown in
figure 6(a) and (b).



Weights =W,

0.2,0.3,0.4,0.5,0.6,0.7,0.9,0.2,0.4,0.5,0.9,0.7,0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8
0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7.4,0.7,0.8,0.2,0.4,0.0,3,0.2
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2,0.5,0.8
0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2,0.5,0.6,0.4,0.7,0.9
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.7,0.5,0.1,0.2,0.5,0.8
0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7.4,0.7,0.8,0.2,0.4,0.0,3,0.2
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2,0.5,0.6,0.4,0.7,0.9
0.2,0.3,0.4,0.5,0.6,0.7,0.9,0.2,0.4,0.5,0.9,0.7,0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8
0.2,0.3,0.4,0.5,0.6,0.7,0.9,0.2,0.4,0.5,0.9,0.7,0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2,0.5,0.8
0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.8
0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2,0.5,0.8
0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.2,0.3
0.2,0.3,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2
0.7,0.8,0.2,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.4,0.8,0.0,0.7,0.5,0.1,0.2
0.5,0.8,0.4,0.5,0.6,0.7,0.8,0.2,0.4,0.5,0.9,0.9,0.0,0.4,0.7,0.8,0.2,0.4,0.5,0.9
0.4,0.7,0.8,0.2,0.4,0.5,0.9,0.7,0.7,0.8,0.2,0.4,0.0,0.3,0.2,0.5,0.6,0.4,0.7,0.9

(a)

00000000000000000000
00000000011000000000
00000000111100000000
00000001111110000000
00000011111111000000
00000111000011100000
00001110000001110000
00011100000000111000
00111000000000011100
00111000000000011100
00111000000000011100
OOITITTIITITI1111111100
O0ITIITIIIT1111111100
00111000000000011100
00111000000000011100
00111000000000011100
00111000000000011100
00111000000000011100
00111000000000011100
00111000000000011100

(b)

Ais Input = 0, =

Figure 6 (a) Sigmoid function matrix, (b) Input
Character A.

1,=(0.2x0)+(0.3x0)+(0.4x0)+(0.5x0)+(0.6x0)+(0.7x
0)+(0.9x0)+(0.2x0)+(0.4x0)+(0.5%0)+(0.9x0)+(0.7x0
YH0.4x0)+(0.7x0)+(0.8x0)+(0.2x0)+(0.4x0)+(0.0x0)
+(0.3x0)+(0.2x0)+(2x0)+(0.3x0)+(0.2x0)+(0.9x0)+(0
.0X0)+(0.4x0)+(0.7x0)+(0.8x0)+(0.2x0)+(0.4x1)+(0.
5x1)+(0.9x0)+(0.7x0)+(0.4x0)+(0.7x0)+(0.8x0)+(0.2
x0)+(0.4x0)+(0.0x0)+(0.2x0)

(0.4x0)+(0.7x0)+(0.8x 1)+(0.2x 1)+(0.4x 1 )+(0.5x0)+(
0.9x0)+(0.7x0)+(0.7x0)+(0.8x0)+(0.2x0)+(0.4x0)+(0
.0x0)+(0.3x0)-+(0.2x0)+(0.5x 1)+(0.6x 1 )+(0.4x 1)+(0.
7x0)+(0.9x0)}

So after calculation we will get the value of I,

Each output at a hidden neuron is calculated using the
sigmoid function.

Hidden-layer output & =) = =

This calculation is for one neuron and the summation
for the other output layer (j).

7. System Performance and Results

The reliability of the neural network pattern
recognition system is measured by testing the
network with hundreds of input vectors with varying
quantities of noise. The script file appcrl tests the
network at various noise levels, and then graphs the
percentage of network errors versus noise. Noise with
a mean of 0 and a standard deviation from 0 to 0.5 is
added to input vectors. At each noise level, 100
presentations of different noisy versions of each letter
are made and the network's output is calculated. The
output is then passed through the competitive transfer
function so that only one of the 26 outputs
(representing the letters of the alphabet), has a value
of 1.

The above input was trained, and tested with the
following specifications

Learning | Maximu | Reached | Alpha | Goal | Result
Rate m Epochs
Epochs

0.75 5000 584 0.04 | 0.01 | Perform
ance
Goal met

0.75 5000 246 0.03 | 0.01 | Perform
ance
Goal met

Performance is 0.00936535, Goal is 0.01
10 T T T T

Training-Blue Goal-Black
>
.

10- I I I I
0 50 100 150 200

246 Epochs
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8. Conclusion
(his problem demonstrates how a simple pattern
ecognition system can be designed. Note that the
raining process did not consist of a single call to a
raining function. Instead, the network was trained
everal times on various input vectors. In this case,
raining a network on different sets of noisy vectors
orced the network to learn how to deal with noise, a
:ommon problem in the real world.
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