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Abstract
Online handwriting recognition of English script is a difficult 
problem since it is naturally both cursive and unconstrained The 
analysis of English script is further complicated in comparison to 
Latin script due to obligatory dots/stokes that are placed above 
or below most letters. This paper introduces a kohonen neural 
network (KNN). We want to do single character recognition 
using a Kohonen neural network fed by down sampled images 
to accomplish this task.
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I. Introduction
Artificial Intelligence (AI) is the field of Computer Science 
that attempts to give computers humanlike abilities. One of 
the primary means by which computers are endowed with 
humanlike abilities, is through the use of a neural network. 
The human brain is the ultimate example of a neural network. 
The human brain consists of a network of over a hundred billion 
interconnected neurons. Neurons are individual cells that can 
process small amounts of information and then activate other 
neurons to continue the process [2]. 
Biological neurons, as found in a brain, are inter- connected 
through very complex networks. They function by accepting 
a signal as an input and only transmitting the signal to other 
neurons if the signal is sufficiently strong. Artificial neural 
networks use an extremely similar structure (though often on 
a smaller scale), and we can leverage this structure to “learn” 
pattern recognition in much the same way as an animal brain. 
That is, artificial neural networks, like people, learn by example. 
They are config.d to a specific application through an involved 
learning process which, as in their biological analogues, involves 
adjustments to the synaptic connections between neurons.

II. How is a biological neural network constructed
The term neural network, as it is normally used, is actually a 
misnomer. Computers attempt to simulate an artificial neural 
network. However, most publications use the term “neural 
network” rather than “artificial neural network.”. Unless the term 
“neural network” is explicitly prefixed with the terms “biological” 
or “artificial” you can assume that the term “artificial neural 
network” is intended. To explore this distinction, you will first 
be shown the structure of a biological neural network.

Fig.1 : A single neuron in an biological neural network.

To construct a computer capable of “human like thought,” 
researchers used the only working model they had available—
the human brain. To construct an artificial neural network, the 
brain is not considered as a whole. Taking the human brain 
as a whole would be far too complex. Rather, the individual 
cells that make up the human brain are studied. At the most 
basic level, the human brain is composed primarily of neuron 
cells [3]. A neuron cell, as seen in fig. 1, is the basic building 
block of the human brain. It accepts signals from the dendrites. 
When a neuron accepts a signal, that neuron may fire. When 
a neuron fires, a signal is transmitted over the neuron’s axon. 
Ultimately the signal will leave the neuron as it travels to the 
axon terminals. The signal is then transmitted to other neurons 
or nerves.

A. The Neuron
An artificial neuron is a very simple computational device with 
many inputs and outputs. We can represent a single neuron 
as in fig. 2. It receives input either from other neurons or the 
program’s input. When the sum of the inputs reaches some level, 
it is said to “fire,” that is, it sends signals to other neurons.

B. Neuron Connection Weight
As we mentioned before, neurons are connected together by 
“synapses.” Note, however, that not all of these connections 
are created equal each connection is assigned a weight. It 
is these weights that allow the neural network to recognize 
certain patterns. Adjusting the weights of a neural network 
will result in it recognizing a different pattern. Thus, when we 
train a neural network, we are merely adjusting the weights 
between neurons.

C. Neuron Firing Rules
Firing rules, the set of rules that determine whether a particular 
neuron fires, are an extremely important component of a neural 
network, and much research in the field has focused on finding 
firing rules that apply to generalized neural network problems 
[4].

Fig. 2: A single neuron in an artificial neural network
(Note that firing rules may also be known as activation 

Neural Network Approach to Recognize 
Online Handwriting Script

1Deepali Thombre, 2Toran Verma,
1,2RCET, Bhilai C.G., India



IJECT Vol. 2, IssuE 4, oCT. - DEC. 2011 ISSN : 2230-7109 (Online)  |  ISSN : 2230-9543 (Print)

w w w . i j e c t . o r g88  InternatIonal Journal of electronIcs & communIcatIon technology

functions). Consider a single neuron, connected to a number 
of other neurons. Then when the sum of the inputs.
i = ∑k Wk Xk……………………equation 1
Where W represents the weights between this neuron and 
the other k neurons and X is the input to this neuron from 
other neurons, exceeds some threshold value, the neuron 
“fires.” There are several popular activation functions, like 
Sigmoid, but we use hyperbolic tangent in our application, as 
we experimentally found this to have the lowest error rate. 

D. Training Neural Network
Recall that individual neurons in the neural network are 
connected through the synapses, which allows neurons to 
signal each other as an input is passed back and forth. Each 
of these connections has a weight, and that “training” a neural 
network is merely the process of adjusting these weights so 
that the proper neurons fire given a specific input to produce 
the correct output.
There are two main paradigms in neural network training – 
supervised learning and unsupervised learning. In supervised 
learning, we give the neural network training data in pairs (x, y), 
where x is an input and y is the corresponding correct solution. 
Our aim is then to minimize the error (usually given as the mean 
squared error) of the neural network. 

E. Validating Neural Networks
It is extremely easy for a neural network’s training to have found 
a corner case. Our training may have caused the neural network 
to return the correct output solely for the input we trained it 
on, which is obviously of very limited utility. 
Therefore, it is necessary to validate a neural network, to 
check that it is fit for use in a more general setting. This step 
is generally also used to determine whether we may cease 
training, or if the neural network requires further epochs of 
training.

III . Kohonen neural network
The Kohonen neural network differs considerably from the feed 
forward back propagation neural network [5]. The Kohonen 
neural network differs both in how it is trained and how it recalls 
a pattern.Output from the Kohonen neural network does not 
consist of the output of several neurons. When a pattern is 
presented to a Kohonen network one of the output neurons 
is selected as a “winner”. This “winning” neuron is the output 
from the Kohonen network. Often these “winning” neurons 
represent groups in the data that is presented to the Kohonen 
network. The most significant difference between the Kohonen 
neural network and the feed forward back propagation neural 
network is that the Kohonen network trained in an unsupervised 
mode. This means that the Kohonen network is presented with 
data, but the correct output that corresponds to that data is 
not specified. Using the Kohonen network this data can be 
classified into groups. 

A. How a Kohonen Network Recognizes
I will now show you how the Kohonen neural network recognizes 
a pattern [6]. We will begin by examining the structure of the 
Kohonen neural network. Once we understand the structure of 
the Kohonen neural network, and how it recognizes patterns, 
will be shown how to train the Kohonen neural network to 
properly recognize the patterns you desire. 

B. The Structure of the Kohonen Neural Network
The Kohonen neural network works differently than the feed 
forward neural network. The Kohonen neural network contains 
only an input and output layer of neurons. There is no hidden 
layer in a Kohonen neural network. First we will examine the 
input and output to a Kohonen neural network. The input to a 
Kohonen neural network is given to the neural network using 
the input neurons. These input neurons are each given the 
floating point numbers that make up the input pattern to the 
network. A Kohonen neural network requires that these inputs 
be normalized to the range between -1 and 1. Presenting an 
input pattern to the network will cause a reaction from the 
output neurons. The output of a Kohonen neural network is 
very different from the output of a feed forward neural network. 
If we had a neural network with five output neurons we would 
be given an output that consisted of five values. This is not the 
case with the Kohonen neural network. In a Kohonen neural 
network only one of the output neurons actually produces 
a value. Additionally, this single value is either true or false. 
When the pattern is presented to the Kohonen neural network, 
one single output neuron is chosen as the output neuron. The 
structure of a typical Kohonen neural network is shown in fig. 3. 
Now that you understand the structure of the Kohonen neural 
network we will examine how the network processes 

Fig. 3: A Kohonen Neural Network

information. To examine this process we will step through the 
calculation process. For this example we will consider a very 
simple Kohonen neural network. This network will have only 
two input and two output neurons. The input given to the two 
input neurons is shown in Table 1.

Table 1 : Sample Inputs to a Kohonen Neural Network

Input Neuron 1 (I1) 0.5 

Input Neuron 2 (I2) 0.75

Using these values we will now examine which neuron would win 
and produce output. We will begin by normalizing the input.
We must also know the connection weights between the 
neurons. These connection weights are given in Table 2.
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Table 2: Connection weights in the sample Kohonen neural   
network.

I1->O1 0.1

I2->O1   0.2
I1->O2 0.3
I2->O2 0.4

C. Normalizing the Input
The Kohonen neural network requires that its input be 
normalized. Because of this some texts refer to the normalization 
as a third layer. For the purposes of this book the Kohonen 
neural network is considered a two layer network because there 
are only two actual neuron layers at work in the Kohonen neural 
network. The requirements that the Kohonen neural network 
places on its input data is one of the most severe limitations 
of the Kohonen neural network. Input to the Kohonen neural 
network should be between the values -1 and 1. To normalize 
the input we must first calculate the “vector length” of the 
input data, or vector. This is done by summing the squares of 
the input vector. In this case it would be.
(0.5 * 0.5) + (0.75 * 0.75)
This would result in a “vector length” of 0.8125. If the length 
becomes too small, say less than the length is set to that 
same arbitrarily small value. In this case the “vector length” 
is a sufficiently large number. Using this length we can now 
determine the normalization factor. The normalization factor 
is the reciprocal of the square root of the length. For our value 
the normalization factor is calculated as This results in a 
normalization factor of 1.1094. This normalization process will 
be used in the next step where the output layer is calculated.

D. Calculating Each Neuron’s Output
To calculate the output the input vector and neuron connection 
weights must both be considered. First the “dot product” of the 
input neurons and their connection weights must be calculated. 
To calculate the dot product between two vectors you must 
multiply each of the elements in the two vectors. We will now 
examine how this is done. 
The Kohonen algorithm specifies that we must take the dot 
product of the input vector and the weights between the 
input neurons and the output neurons. The result of this is 
as follows.

As you can see from the above calculation the dot product 
would be 0.395. This calculation will be performed for the first 
output neuron. This calculation will have to be done for each of 
the output neurons. Through this example we will only examine 
the calculations for the first output neuron. The calculations 
necessary for the second output neuron are calculated in the 
same way.

E. Mapping to Bipolar
A bipolar number is an alternate way of representing binary 
numbers [7]. In the bipolar system the binary zero maps 
to -1 and the binary remains a 1. Because the input to the 
neural network normalized to this range we must perform a 
similar normalization to the output of the neurons. To make 
this mapping we add one and divide the result in half. For 
the output of 0.438213 this would result in a final output of 

0.7191065.The value 0.7191065 is the output of the first 
neuron. This value will be compared with the outputs of the 
other neuron. By comparing these values we can determine a 
“winning” neuron.

F. Choosing the Winner
We have seen how to calculate the value for the first output 
neuron. If we are to determine a winning output neuron we 
must also calculate the value for the second output neuron. 
We will now quickly review the process to calculate the second 
neuron. For a more detailed description you should refer to the 
previous section.
The second output neuron will use exactly the same 
normalization factor as was used to calculate the first output 
neuron. Recall from the previous section the normalization 
factor is 1.1094. If we apply the dot product for the weights 
of the second output neuron and the input vector we get a 
value of 0.45. This value is multiplied by the normalization 
factor of 1.1094 to give the value of 0.0465948. We can now 
calculate the final output for neuron 2 by converting the output 
of 0.0465948 to bipolar yields 0.49923.

G. How a Kohonen Network Learns
In this section you will learn to train a Kohonen neural network. 
There several steps involved in this training process. Overall the 
process for training a Kohonen neural network involves stepping 
through several epochs until the error of the Kohonen neural 
network is below acceptable level. In this section we will learn 
these individual processes. You’ll learn how to calculate the 
error rate for Koenig neural network, you’ll learn how to adjust 
the weights for each epoch. You will also learn to determine 
when no more epochs are necessary to further train the neural 
network. The training process for the Kohonen neural network 
is competitive. For each training set one neuron will “win”. 
This winning neuron will have its weight adjusted so that it will 
react even more strongly to the input the next time. As different 
neurons win for different patterns, their ability to recognize that 
particular pattern will be increased. We will first examine the 
overall process involving training the Kohonen neural network. 
These individual steps are summarized in fig. 4. As you can see 
from the above diagram to Koenig neural network is trained 
by repeating epochs until one of two things happens. If they 
calculated error is below acceptable level business at block 
will complete the training process. On the other hand, if the 
error rate has all only changed by a very marginal amount this 
individual cycle will be aborted with tile any additional epochs 
taking place. If it is determined that the continue the previous 
training cycle and that it will analyze cycle is to be aborted the 
weights will be initialized random values and a new training 
cycle began. This training cycle will epochs on to solve get the 
two is either abandoned or produces a set of weights that 
produces an acceptable error level.
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Fig. 4: Training the Kohonen neural network.

H . Learning Rate
The learning rate is a constant that will be used by the learning 
algorithm. The learning rate must be a positive number less 
than 1. Typically the learning rate is a number such as .4 or 
.5. In the following section the learning rate will be specified 
by the symbol alpha. Generally setting the learning rate to a 
larger value will cause the training to progress faster. Though 
setting the learning rate to too large a number could cause the 
network to never converge. This is because the oscillations of 
the weight vectors will be too great for the classification patterns 
to ever emerge. Another technique is to start with a relatively 
high learning rate and decrease this rate as training progresses. 
This allows initial rapid training of the neural network that will 
be “fine tuned” as training progresses. 

I. Adjusting Weights
The entire memory of the Kohonen neural network is stored 
inside of the weighted connections between the input and 
output layer. The weights are adjusted in each epoc. An epoch 
occurs when training data is presented to the Kohonen neural 
network and the weights are adjusted based on the results of 
this item of training data. The adjustments to the weights should 
produce a network that will yield more favorable results the 
next time the same training data is presented. Epochs continue 
as more and more data is presented to the network and the 
weights are adjusted. The original method for calculating the 
changes to weights, which was proposed by Kohonen, is often 
called the additive method. This method uses the following 
equation.
wt =            equation 3.1
The variable x is the training vector that was presented to the 

network. The variable is the weight of the winning neuron, 

and the variable is the new weight. The double vertical bars 
represent the vector length. This method will be implemented 
in the Kohonen example shown later in this chapter.
The additive method generally works well for Kohonen neural 
networks. Though in cases where the additive method shows 
excessive instability, and fails to converge, an alternate method 
can be used. This method is called the subtractive method. The 
subtractive method uses the following equations.
E= x - wt          equation 3.2
Wt+1= wt + αe           equation 3.3

J. Calculating the Error
Before we can understand how to calculate the error for chronic 
neural network must first understand what the error means. The 

coming neural network is trained in an unsupervised fashion 
so the definition of the error is somewhat different involving 
the normally think of as an error. As your alternate previous 
Chapter unsupervised training involved Calculating and error 
which was the difference between the anticipated output of the 
neural network and the actual output of the neural network. 
In this chapter we are examining unsupervised training. And 
unsupervised training there is no anticipated output. Because 
of this you may be wondering exactly how we can calculate 
an error. The answer is that the error where Calculating is not 
be true error, or at least not an error in the normal sense of 
the word. The purpose of the Kohonen neural network is to 
classify the input into several sets. The error for the Kohonen 
neural network, therefore, must be able to measure how well 
the network is classifying these items. We will examine two 
methods for determining the error in this section. There is no 
official way to calculate the error for a Kohonen neural network. 
The error is just a percent number that gives an idea of how well 
the Kohonen network is classifying the input into the output 
groups. The error itself is not used to modify the weights, as 
was done in the back propagation algorithm. The method to 
determine this error will be discussed when we see how to 
implement a Java training method.

IV. Implementing the Kohonen Neural Network
Now that we understand how the Kohonen neural network 
functions we will implement one using Java [8]. In this section 
we will see how several classes can be used together to create 
a Kohonen neural network. In our next paper  we will be shown 
an example of how to use the Kohonen neural network classes 
to create a simple Kohonen neural network. After implementing 
the network we will be shown how to construct a more complex 
application based on the Kohonen neural network that can 
recognize handwriting. First we must understand the structure 
of the Kohonen neural network classes that we are constructing. 
KohonenNetwork - Implements the methods that are unique to 
the Kohonen neural network. This is where the Kohonen neural 
network is trained and recalls patterns. Network - Contains the 
methods that are not unique to the Kohonen neural network. 
This class contains methods to calculate the dot product and 
vector length, amoung other common tasks. NeuralReportable 
- A simple interface that allows the Kohonen neural network to 
return progress information as the neural network is trained. 
TrainingSet - A training set holder object that can contain arrays 
of individual training items. The training set can hold both input 
and output elements. It allows you to see the relationships 
between the individual classes. This class structure is shown 
in fig. 5.

Fig. 5: UML diagram of the Kohonen neural network classes.
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A. Training Sets
To train the Kohonen neural network training sets must be 
provided. This training data will be stored in the TrainingSet 
class. This class is designed to be a container class that could  
potently be used for other neural network architectures as well 
as the Kohonen neural network. The prototype of program is.
import java.io.*;
import java.util.*;
public class TrainingSets {
  TrainingSet ( int inputCount , int outputCount ){   }
  public int getInputCounts()   {    }
  public int getOutputCounts()   {   }
  public void setTrainingSetCount(int trainingSetCount)  {   }
  public int getTrainingSetCount()   {       }
  void setInput(int set,int index,double value) throws 
RuntimeException {  }
  void setOutput(int set,int index,double value)throws 
RuntimeException {  }
double getInput(int set,int index)throws RuntimeException {}
double getOutput(int set,int index)throws RuntimeException{}
 double []getOutputSets(int set) throws RuntimeException {  }
double []getInputSets(int set) throws RuntimeException  { } }

In the above code the TrainingSet class is managing two variable 
length arrays. The first is the input vector. The input vector can 
be made up of one or more double numbers stored in the array. 
This input array can be accessed by two means. First, the input 
training array can be accessed by using the method getInputSet 
and setInputSet methods. These methods allow access to the 
complete array of the input set. More commonly you will access 
the getInput and setInput methods. These methods can access 
an individual training element. To access an individual training 
set item you must provide two indexes. The first index specifies 
which training element should be accessed. In a large training 
set there may be many of these. The second index lets the 
TrainingSet object which indivual input element to access for 
the specified training item. In addition to the output elements 
the TrainingSet class also supports outputs. These outputs are 
accessed by calling the getOutput and setOutput methods. 
Internally the TrainingSet class stores the following variables. 
Their use is summarized as follows. 

inputCount - The number of input elements there will be • 
for each training sample. 
outputCount - The number of output elements there will • 
be for each training sample. 
input[][] - The input training samples. • 
output[][] - The output training samples. • 
training Set Count - The number of training samples• 

To use the training set with the Kohonen neural network 
the training set must be populated with data. Because the 
Kohonen neural network is unsupervised, only the input 
elements need be filled. Once a TrainingSet object has been 
constructed and properly populated with data, it will be passed 
to a KohonenNetwork object for training.

B. Network Base Class
This class is the base class for the KohonenNetwork class, 
which will ultimately provide the Kohonen neural network[9]. 
The Network class provides some basic functionality that would 
be useful for networks other than just the Kohonen neural 
network. The network class is declared abstract so that it 
cannot be instantiated by itself. To make use of the Network 

class a child class must be derived. The KohonenNetwork 
class is provided as a child class. The prototype defined in the 
Network class are shown below
import java.util.*;
abstract public class Networks {
  public final static double NEURON_ON=0.9;
  public final static double NEURON_OFF=0.1;
  protected double output[];    
  protected double totalError;  
  protected int inputNeuronCount;
  protected int outputNeuronCount;
  protected Random random = new Random(System.
currentTimeMillis());}
Each of these properties will be used to hold some attribute 
of the neural network, or a constant that will be used. The 
properties are used for the following purposes.

NEURON_ON - The value that a neuron must be greater • 
than, or equal to, to be considered “on”. 
NEURON_OFF - The value that a neuron must be less than, • 
or equal to, to be considered “off”. 
output[] - The output from the neural network. • 
totalError - The error from the last epoch. This is the total • 
error, across all training sets. 
inputNeuronCount - The number of input neurons. • 
outputNeuronCount - The number of output neurons. • 
random - A random number generator, used to initialize • 
the weights to random values. 

C. The KohonenNetwork Class
This class implements the Kohonen neural network. The 
KohonenNetwork class has several properties. These can be 
shown in the prototype of class shown below
public class KohonenANetwork extends Network {
  double outputWeights[][];     
 protected int learnMethod = 1;
 protected double learnRate = 0.5;
 protected double quitError = 0.1;
 protected int retries = 10000;
 protected double reduction = .99;
 protected NeuralReportable owner;
public boolean halt = false; protected TrainingSet train; }

The properties used by the Kohonen network are summarized 
as follows.

halt - Set this to true to abort training. • 
learnMethod - The learning rate, set to 1 for subtractive • 
or to another value for additive. 
learnRate - The initial learning rate. • 
outputWeights[][] - The weights of the output neurons base • 
on the input from the 
owner - The owner class, which must implement the • 
NeuralReportable interface. 
quitError - Once the error rate reaches this level stop • 
training. 
reduction - The amount to reduce the learnRate property • 
by each epoch. 
retries - The total number of cycles to allow, this places • 
a ceiling on the number of training cycles that can 
transpire. 
train - The training set.• 

There are three steps that must be carried out to handle output 
neurons that are failing to ever learn. First we must loop through 
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the entire training set and find the training set pattern the 
causes the least activation. This training set will be assigned 
to the variable. The second step is to choose an output neuron 
that will be modified to better classify the training set identified 
in the previous step. This is done by looping through every 
output neuron that did not ever win and seeing which one has 
the highest activation for the training pattern identified in step 
one. Finally, in the third step, we will modify the weight of this 
neuron so that it will better classify this pattern next time.

V . Conclusion
In this paper we learned about the Kohonen neural network. 
The Kohonen neural network differs from the feed forward 
back propagation network in several ways. The Kohonen neural 
network is trained in an unsupervised way. This means that the 
Kohonen neural network is given input data but no anticipated 
output. The Kohonen neural network then begins to map the 
training samples to each of its output neurons during training.A 
Kohonen neural network contains only two levels. The network 
is presented with an input pattern that is given to the input 
layer[10]. This input pattern must be normalized to numbers in 
the range between -1 and 1. The output from this neural network 
will be one single winning output neuron. The output neurons 
can be thought of as groups that the Kohonen neural network 
has classified the input as part of.Training a Kohonen neural 
network is considerably different than the back propagation 
algorithm. To train the Kohonen neural network we present it 
with the training elements and see which output neuron “wins”. 
This winning neuron’s weights are them modified so that it will 
activate higher on the pattern that caused it to win.
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