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Abstract 

 

Conversion of handwritten text into digitized text and recognition of the same by 

a Computer is still a difficult and challenging task in today‘s much advanced hi-tech and 

materialistic world. Many different types of software, like advanced word processors, 

document scanning devices, sound recorders, voice recognizers etc., are available for 

versatile applications of text, speech etc. Still, it is difficult to find common software 

which can convert a handwritten text, written on a piece of paper, to its equivalent 

digitized form and recognizes it.  

Difficulty arises in identifying the handwritten text because of many factors. The 

first problem arises when the characters are segmented and extracted out from the words. 

This is because of the fact that people use to write in different styles. Someone writes in 

cursive way where characters are connected.  As a result, difficulty arises in finding the 

character boundaries. The situation becomes worsen when two characters are 

intermingled and appear as a single character. Lot of research work is going only on 

segmentation of characters. 

The next difficult task arises at the time of preparation of input patterns that are 

presented to different character recognition systems i.e. at the time of preprocessing of 

the segmented characters. The most challenging task in recognizing handwritten 

characters is to recognize the variant patterns of same alphabet, which varies to a large 

extent even when written by the same individual at different instant of time. The final 

task is to compose the identified characters into digitized form. 

On the basis of the above discussed issues, the work that has been carried out here 

focuses on development of some new handwritten character recognition models.  These 

models can be used in a better way as compared to earlier systems in terms of efficiency 

as well as accuracy. The main objective is to extract out the common features of the 

varying patterns of handwritten characters and to develop methods that are capable of 

generalizing the variations in patterns to a great extent.  Analyses of already developed 

handwritten character recognition systems are also explored. 

This work proposes a method which is capable of identifying different texts taken 

from different individuals in different handwriting styles with great accuracy. All the 
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newly developed methods of this work are based on feature extraction techniques. 

Common features are extracted out in different ways, sometimes by segmenting the two 

dimensional character image matrices in different ways and sometimes forming unique 

codes for identical characters. Artificial Neural Networks (ANNs) are used to develop 

different handwritten text recognition models. This includes study of some classical 

models to identify various pros and cons in the system, identifying the gaps in the 

existing systems, developing some simple models by rectifying the problems of the 

previously developed models and finally developing some more improved versions where 

the performance is found much better than the previously developed methods. 

Different work carried out at different stages in this work is divided into different 

phases which are discussed in different chapters of the thesis as follows: 

 

Chapter-1 is the introduction of the overall work performed in order to develop some 

suitable handwritten character recognition model. 

 

Chapter-2 is an overview of the Artificial Neural Network (ANN). Different types of 

ANNs are discussed briefly.  Emphasis has been given on the recognition of handwritten 

texts using ANNs. 

 

Chapter-3 is a detailed study of the literature related to the work. In this chapter, various 

pros and cons of the already developed methods and already carried out research works 

are discussed.  

 

Chapter-4 is a short discussion of the software used to design the system. Texts taken 

from different individuals in handwritten forms are presented to test the performance of 

different existing and newly developed ANN models. MATLAB has been used as one of 

the main tools to design the handwritten character recognition systems. Different types of 

functions of MATLAB that are used for the purpose are briefly discussed here. 

 

Chapter-5 is on a discussion and implementation of various preprocessing methods 

which are applied on the segmented characters to standardize the input patterns and also 
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to make the ANNs simple. Preprocessing of the input data is significant in the proper 

identification of the text data because it removes unwanted noise from the paragraph and   

simplifies the input vector.  

There are various stages of preprocessing of the input data. This is done before and 

after segmentation of individual characters. Text paragraphs are scanned using a high 

definition scanner and saved in picture format. These paragraph images are converted 

into gray scale and then into binary matrices. The process of acquiring binary matrix is 

called binarization. Some additional spots of pixels may be present in the matrix as noise. 

These are removed by applying noise removal techniques. 

Baselines are used for the segmentation of characters. A preprocessing technique 

called reference line estimation has been applied using baseline of the text.  

Some post segmentation preprocessing has been applied in this work. The methods 

used are compression of character matrix, forming bipolar matrix and noise removal.  

The number of elements in the vector represents the number of neurons in the input 

layer of the ANN. The binary matrix originally formed from the character image is 

actually very large in size which makes the ANN very large in size and complicated. In 

order to simplify the circuit the large two dimensional binary matrixes are compressed 

into small sized matrixes. A compression algorithm is also designed to compress the large 

sized matrix into a smaller sized matrix. The compression algorithm is designed in such a 

way so that the originality of the image matrix is preserved.  

 

Chapter-6 is on development of different character segmentation methods. Sentences 

written in different styles by different individuals are presented to the developed 

Character Segmentation methods. Performances are measured for the developed methods. 

Two character segmentation methods are developed to en-cage the characters 

extracted out from handwritten words and sentences. One of these is Slider Drifting 

Method (SDM) which easily identifies and extracts out the isolated characters present in 

words and sentences. The accuracy of SDM is 90%-100% for those handwriting styles 

where, there are gaps present between characters in sentences. But the performance of 

SDM is not good for the handwriting styles, where the characters are joined, especially 

for the cursive type of handwriting.  
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To overcome this problem another method has been developed, called Baseline 

Pixel Burst Method (BPBM), which is capable of identifying joined and cursive type of 

handwriting with a good accuracy. BPBM shows an average accuracy of 88%.   

 

Chapter-7 is on studying and testing of some already developed traditional ANNs like 

Hebb and Perceptron training. A prototype model has been developed for the purpose. 

Two different forms of paragraphs are constructed using ten distinct handwritten   

alphabets. Individual characters are extracted out from the sentences of the paragraphs 

using the developed character segmentation method.  

Segmented characters thus obtained are also preprocessed and presented to the 

developed prototype model of ANNs for training and testing and performances are noted. 

It is observed that performances of the classical models are very good for the printed 

alphabets but performances are not very much satisfactory for the handwritten characters. 

The gaps found in these ANNs are regarding the generalization of the varying patterns. 

An individual, when writes an identical alphabet twice at different instant of time fails to 

repeat the identical pattern for the same alphabet. Meager work has been done on these 

models to fill up this gap. 

 

Chapter-8 describes the development of different single layer ANNs for the work. Single 

layer ANNs are developed to keep the ANN as simple as possible by keeping minimum 

number of neurons. The prototypes of the models are developed to test the sentences 

composed of only ten characters of English alphabet set.  

The different models which are developed in this work are Row-wise Segmentation 

Technique (RST), Column-wise Segmentation of Image Matrix (CSIM), Input Pattern 

Segmentation Technique (IPST) and Row-wise Segmentation using Adaptive Resonance 

Theory ART1 (RSA). The performances of these single layer ANNs are found 

satisfactory. The models are based on different feature extraction techniques 

To improve the performance, the work is carried out to the next stage by adding 

few additional layers. 
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Chapter-9 is on development of multiple layer ANNs. Multiple layer ANNs are formed 

by adding few extra layers in single layer ANNs. Extra layers enhance the performance 

of the ANNs in identifying the test samples which are deviated from their original 

position to a large extent. Actually, additional layers are used to put more weight on those 

input segments that contribute the most in forming the input patterns.  

In a better developed model, additional layers are used to form unique codes for 

different characters. The multiple layer ANNs such as Arrow-Segmentation of Image 

Matrix (ASIM), Hoof Segmentation of Image Matrix (HSIM) and Pixel Density Gradient 

(PDG) Method are developed. It is found that the performance of the (PDG) Method is 

best among the other multiple layer ANNs. 

 

Chapter-10 is on a comparative study. Performances (Accuracy) of all the 

methods developed here are compared with the other existing promising works found in 

the literature. It is established that the performance of the CSIM method is the best 

among the single layer ANNs and the PDG method is the best among the multiple layer 

ANNs. 

Interfaces have been designed, using MATLAB software, for reading a 

handwritten paragraph and to segment it into different individual characters using 

different developed segmentation algorithms. The extracted handwritten characters are 

presented to different ANNs for training and testing. Finally, identified characters are 

reconstructed to words and sentences using MATLAB. 
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Chapter 1 

Introduction 

 

 

An ancient belief of Egyptians was that writing is the gift of ‗Thoth‘, the God of 

the moon and wisdom of learning. Those were the Egyptians who valued the invention of 

writing. It was written on an old piece of Egyptian papyrus (a thin paper like material) 

that writing is more useful than homes and better than monuments in a temple [214]. 

 It is very difficult to say anything precise about the origin and emergence of 

handwriting but it can be assumed that writing skills of human beings which can be seen 

in a present form have emerged and developed through the ages. Handwriting has always 

been a very important medium of communication. The development of handwriting has 

led to the evolution of documentation. It is a vital tool used for knowledge assessment. 

Most of the historical documents are about laws, battles and rulers. Very few documents 

can be found which explains the life of the ordinary people [215]. 

Since last few centuries the evolution of documents can be seen in almost all the 

domains. Documents are mainly found in three forms like handwritten, printed and 

digitized. Information Technology has emerged so fast through last few decades that 

most of the document types found in workplaces either exists in printed or digitized form.   

To preserve the handwritten documents for centuries, it is very important to digitize the 

documents. Scanning of documents may be the answer. But two serious difficulties may 

arise so that ultimately it will be turned as useless. Firstly, sizes of the scanned files will 

be too large and secondly there will be no scope of document editing. Again, digitization 

of documents requires either hand typing through key boards or scanning of the same for 

further processing. 

       Hand typing is almost like climbing the peak of a rocky and snowy mountain as the 

existing handwritten documents to be digitized are huge. Scanning is the alternative way 

but the existing software can identify the handwritten documents from the scanned image 

with much limitations resulting further editing of the documents difficult. Scanning 

software scans the handwritten documents also with patches (noise). 
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Considering these facts it is evident that some efficient software is badly needed 

that can be able to identify the handwritten document characters instantaneously from the   

scanned files with much accuracy.  That is why, in the recent years, handwritten character 

recognition has become a very significant field of research. It also puts forward a vast 

range of challenges for the researchers. Not only that, it opens up new fields of research. 

This will help human beings to develop such systems which can convert huge amount of 

human created manuscripts into electronic digitized data that can be accessed and 

processed fast. Handwritten and printed documents, containing valuable information, 

which may disappear with time, can even be preserved by digitization. The focus here is 

to develop user friendly models to recognize handwritten scripts taken from different 

individuals. Scripts may have huge variations in patterns, when taken from different 

individuals. The developed technology can be used in different organizations to digitize 

and identify their handwritten and printed documents electronically to meet their 

requirements in an economic way. 

Though scanning devices can scan the   documents with their limitations, it is not 

an easy task to develop software to identify the scanned handwritten scripts. To 

accomplish this work the first and most difficult task is to segment the scripts into 

individual characters because the handwriting styles vary from person to person. Some 

people write in such a complicated way that it becomes very difficult to identify joined 

characters because two or three characters appear as one character. Segmentation of 

complicated handwritten text into individual characters is itself a challenging field of 

research. After extracting out individual characters from handwritten paragraphs and 

sentences, development of methodologies is necessary to identify such extracted 

characters. This is another challenging field of research because an individual can not 

repeat the same pattern of handwritten characters even if he writes the same alphabet 

several times. So, it is very difficult to develop a computer program to accomplish this 

task. 

A number of techniques, including Pattern Recognition and Artificial Intelligence 

(AI), have been used so far to recognize handwritten characters. Characters can be 

recognized to a greater extent of efficiency if an intelligent computer program is written 

using AI techniques. Of these, Artificial Neural Network (ANN) models are of ample 
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interest as it works like a human being. These models can even recognize printed scripts, 

if trained to do so. 

 

1.1 Motivations 

Recognition of handwritten characters is an active and emerging area of research 

now-a-days. One can hardly find any handwritten recognition software. Some software 

which can recognize handwritten characters are having their own limitations. Human 

brain can recognize handwritten characters with ease and accuracy. If software is 

developed using Artificial Neural Network (ANN), the capabilities of human brain to 

recognize complex handwritten scripts can be implemented artificially, which will 

execute massive work instantaneously and efficiently. In this work emphasis has been 

given on the development of ANNs which can recognize handwritten scripts. 

 

1.2  Main Objectives 

The goal of the work, presented here, is to develop different simple and 

generalized ANN models which can recognize the varied handwritten patterns with ease 

and accuracy.  Improvement in the capability of recognition through development of new 

ANN models is of utmost importance. 

The main objectives of this work are summarized as follows: 

a.) To study the existing character segmentation methods  

b.) To study the existing and classical Artificial Neural Network (ANN) 

models.   

c.) To develop some character segmentation methods. 

d.) To develop single layer ANNs to recognize handwritten characters 

e.) To develop multiple layer ANNs by adding additional layers to single 

layer ANNs. 

f.) To perform a comparative study on different ANN models developed in 

this work as well as existing promising models. 

Handwritten English script has been chosen, for this work, as it is a common 

language and used in huge scale in this country. 
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1.3 The System 

A block diagram of the system to be developed is given in the following Figure 

1.1. This consists of the processes like image acquisition, preprocessing, segmentation, 

single / multiple layer ANNs, training / testing and reconstruction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.1: Conceptual Diagram of Overview of the Entire Work 

 

1.3.1 Text Image Acquisition 

The text paragraphs written on a piece of paper are acquired by scanning. A high 

definition scanner is used to scan the text paragraph images. These images are stored in 

computer in ‗.png‘ or ‗.bmp‘ format. 
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Preprocessing Stage-1 (Binarization) 
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Preprocessing Stage-2 (Compression, Binary to Bivalent, Image 

Thinning, Reference Line Estimation, Noise Removal) 

Feature Extraction using single/multiple layer ANNs 

Training/Mapping/Testing   

Reconstruction of Digitized Text 
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1.3.2 Preprocessing Stage-1 

The text images are binarized using MATLAB software. Binarization is a type of 

preprocessing where, using suitable software, the text image is converted into binary 

matrix. This is done in two steps, firstly the image is converted into grayscale by using 

‗rgb2gray()‘ function present in MATLAB. The grayscale image consists of white and 

black pixels. Another function ‗dither()‘ present in MATLAB is used to convert 

grayscale image into binary form. The black pixels of the image are replaced by binary 

‗1s‘ and white pixels of the image are replaced by binary ‗0s‘. Presence of any noise i.e. 

black patches is also removed. 

 

1.3.3 Segmentation 

The segmentation methods developed in this work are used to extract out 

individual characters from the handwritten text. In this work, two segmentation methods 

are developed. Slider Drifting Method (SDM) is used for the disjoint isolated type of 

handwriting and Baseline Pixel Burst Method (BPBM) works well for the joined and 

cursive type of handwriting as well as isolated type of handwritings. 

 

1.3.4 Preprocessing Stage-2  

Some preprocessing methods are applied on the extracted out individual 

handwritten characters in this stage. The methods are compression, binary to bivalent 

conversion, image thinning, reference line estimation and noise removal. 

 

1.3.5 Feature Extraction 

Different ANN models used feature extraction techniques for training/mapping 

purpose.  Feature extraction is done by segmenting the input image matrix in different 

ways and training/mapping the segments individually. In single layer ANNs single layer 

of feature extraction has been applied. In case of multiple layer ANNs more than one 

layer of feature extraction has been applied.  
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1.3.6 Training/Mapping/Testing  

The supervised learning type of ANNs is subject to training for generating standard 

weights. The weights can be used to test the text samples in order to analyze the accuracy 

of the models. Mapping or clustering is used for unsupervised learning type of ANNs. 

  

1.3.7 Reconstruction 

Reconstruction is the process of forming printed sentences using the recognized 

individual characters. Different interfaces are designed using MATLAB software which 

are linked to different codes used to program the segmentation and character recognition 

models.  

 

1.4  Outline of the thesis 

The thesis has been organized with the following ten chapters. A brief summary of 

the chapters are   presented: 

 

Chapter-1: Introduction. A brief introduction to the work has been given in this 

chapter. The chapter begins with a little discussion on the significance of printed and 

handwritten scripts, need for documentation and digitization of documents. Little bit of 

discussion has also been done on choosing a suitable technology to digitize the scripts 

and logic behind selecting the type and language of the script for the work. In addition to 

that motivation, objectives and outline of the work has also been discussed.   

 

Chapter-2: Artificial Neural Network (ANN): An Overview. This chapter starts with a 

brief discussion on the idea behind developing ANNs. Different types of ANNs and their 

applications are discussed. History of ANNs is also discussed and some examples 

demonstrating the working of ANNs are given. 

 

Chapter-3: Literature Review. Here, various methods used to recognize handwritten 

characters, the related work and the pros and cons of the methods, till date, are discussed. 

The developments have been divided in two eras, early and recent and each era is 

discussed in decades. In this way this chapter discusses seven decades of the development 
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including the current decade in the neural network technology and emphasis has been 

given on the discussion on recognition of the handwritten characters using neural 

networks. 

 

Chapter-4: MATLAB Fundamentals. This chapter is a short discussion on the 

MATLAB software which is used to design a demo system of interfaces in order to test 

the performances of different existing and newly developed models. Different functions 

of the MATLAB software have been discussed here. 

 

Chapter-5: Preprocessing of Handwritten Character Input Matrix.  This chapter is a 

discussion on the implementation of various preprocessing methods which are applied on 

the characters to standardize the input patterns, removing noise and also to make the 

ANNs simple. Different preprocessing techniques like binarization, matrix compression, 

thinning, reference line estimation and noise removal have been discussed and applied. 

 

Chapter-6: Development of Character Segmentation Techniques.  This chapter 

presents two handwritten character segmentation methods, Slider Drifting Method (SDM) 

and Baseline Pixel Burst Method (BPBM), developed for this work. SDM can easily 

segment out the isolated and disjoint characters and BPBM shows satisfactory 

performance in extracting out individual characters from the joined and cursive type of 

handwriting. 

 

Chapter-7: Development of Prototype Model. Here, the development of a prototype 

model has been made. This model is used to test the performances of some traditional 

ANNs like Hebb and Perceptron. The handwritten text samples which are used to 

measure the performances of the newly developed models are presented to this prototype 

model in order to test the performances of the classical ANNs. 

 

Chapter-8: Development of Single Layer ANNs.  This chapter is on the development of 

various single layer ANNs which are developed by keeping minimum number of 

neurons. The single layer ANN models which are developed in this work are Row-wise 
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Segmentation Technique (RST), Column-wise Segmentation of Image Matrix (CSIM), 

Input Pattern Segmentation Technique (IPST) and Row-wise Segmentation using 

Adaptive Resonance Theory ART1 (RSA). 

 

Chapter-9: Development of Multiple Layer ANNs. This chapter is on the development 

of various multiple layer ANNs where some additional layers are added to improve the 

performances of single layer ANNs. The multiple layer ANNs such as Arrow-

Segmentation of Image Matrix (ASIM), Hoof Segmentation of Image Matrix (HSIM) and 

Pixel Density Gradient (PDG) Method are developed. 

 

Chapter-10: Results and discussion. In this chapter a comparative analysis of the 

performances of the entire newly developed single layer and multiple layer ANNs has 

been made. Performances of the models are measured by developing software interfaces 

using MATLAB which can read different samples of handwritten texts and generates the 

printed sentences. 

 

1.5  Conclusion  

  It is realized that there is a need to develop software to recognize handwritten 

scripts. The broader range of challenges in this field makes the development of the 

handwritten character recognition techniques significant. The motivations and main 

objectives of the accomplished work are discussed. The conceptual system of the overall 

work has been illustrated. Chapter formations are also discussed depending on the 

contributions to the work. The outline of the overall work has been divided and covered 

in ten chapters. 



 

 
 

Chapter 2 

Artificial Neural Network (ANN): An Overview 

 

 

Computers are becoming powerful day by day. The capabilities of computer can 

be explored to invent new technologies and ideas that will led to the development of 

human beings. A human being is a very powerful, capable and intelligent creature of 

nature. Due to his natural intelligence human can do many complicated tasks with ease.   

For example, human beings can learn things very easily by day to day experience and 

apply that in their life. But, they are also bounded by natural constraints. They get tired 

and forget easily.  

Computers neither get tired nor forget anything that is stored in their memory. 

But, it is very challenging task to incorporate human intelligence in computers. Actually, 

human brain is a network of millions of well interconnected biological neurons. To form 

such types of networks of artificial neurons is not a soft nut to crack. Human beings can 

easily differentiate between patterns and even correlate them. For example, human beings 

can be trained to identify any English alphabet and later asked to identify by providing a 

totally different pattern of the same alphabet. In such a situation human beings can easily 

identify the alphabet. But, it is not easy to write a program in any programming language 

to do so. The traditional way of programming is not actually a perfect tool to accomplish 

such tasks. As the traditional computer programs are suitable for pattern matching but not 

pattern learning and identification.  

The development of Artificial Neural Networks (ANNs) started approximately 

sixty years ago. But, computers were not developed at that time. So, it was very difficult 

to test and develop such ANNs using the computers. For the next few decades a rapid 

development in the computer technology both hardware and software overshadowed the 

development in the ANN technology. Actually, the lack of proper computer technology at 

the early stage of the development of ANNs had casted doubts on the capability of this 

technology. 
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Now-a-days the researchers are getting modern hardware and software 

technologies to identify the shortcomings of the previously developed technologies. High 

speed and efficient computers help the researchers to develop more developed ANN 

models that are comparatively much efficient and better than the previously developed 

models. Actually, ANN technology is of much interest because ANN models can be 

developed to help the researchers who are working in many domains like handwriting 

pattern recognition, speech pattern recognition, natural language processing, electrical 

circuit designing and in numerous fields where the basis of training and identification is 

the identification of the patterns. ANNs can be implemented in hardware as well as 

software. It is expensive to develop ANN hardware. Most of the researchers opt to 

develop ANN models by software implementation. 

 

2.1 Neural Networks 

A neural network is a network of interconnected processing units called the 

neurons. The links between the neurons are the weighted links. The weights on the links 

either exaggerate or inhibit the processed outputs of the neurons. Actually, neural 

networks are designed based on the idea of the complicated networks of biological 

neurons that makes the human brain, which makes human beings such a superb creature, 

having the power of learning by experience. 

  

2.1.1 Biological Neural Networks 

A biological neural network [63] is a network of interconnected neurons present 

inside the human brain. A biological neuron consists of three components: its dendrite, 

soma cell and axon. A biological neuron takes inputs from some sense organs or some 

other neurons with the help of dendrites. Axon of the neuron is the component 

responsible for producing output. Soma cell does the actual information processing. 

Soma cells adds the incoming signal and after receiving sufficient amount of input the 

soma cell fires or does not fire at all and thus produces binary output. Firing of soma cell 

is considered as binary 1 and non firing of soma cell is considered as binary 0. There is a 

synaptic gap between the axon of a neuron and dendrite of another neuron. The signals 

transmitted across the links are actually electrical pulses. The pulses are transmitted 
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across the synaptic gaps by means of some chemical reactions. The chemical reactions 

are either exhibitory or inhibitory in nature. There are differential concentrations of ions 

made up of potassium, sodium and chloride. The ‗ions‘ are present on either side of the 

neuron‘s axon sheath which is the white matter of the human brain. The differential 

concentrations of ions produce an action potential which led to transmission from a 

particular neuron. A generic biological neuron is illustrated in Figure 2.1. 

 

 

Figure 2.1: A Biological Neuron 

 

 A biological neuron consists of a soma cell. In the above figure there are six 

spots on the soma cell that represents the dendrites. Dendrites at two spots receive inputs 

from the axons of other neurons. There is one axon in the soma cell which produces the 

output. In a soma cell inputs can be given at many places but output is produced at only 

one place. Synaptic gaps can be clearly seen between the axon of other neurons and the 

dendrites of the soma cell shown in the above figure. Neurons present in the human brain 

are fault tolerant. Human brain is able to tolerate damage. Human beings are born with 

billions of neurons. Most of the neurons are present in the human brain which never gets 

replaced in case of damage. In spite of continuous loss of neurons human beings continue 

to learn. Actually, human neurons have the capability to take over the work of dying 

neurons [63]. 
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2.1.2 Artificial Neural Networks  

Artificial neural networks (ANNs) are information processing systems that have 

some features in common with biological neural networks. ANNs are generalizations of 

mathematical models of human cognition. Information processing in an ANN occurs at 

many simple elements called neurons. These neurons are interconnected and signals are 

passed between neurons over the connection links. The connection links are having 

associated weights. These weights are multiplied by the input signals. These weights 

exaggerate or degrade the net output produced by the output neuron. Depending upon a 

threshold value the net output decides that the output neuron will fire or not. Each neuron 

applies an activation function to the net output to determine the output produced by the 

output neuron [63]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2: An Artificial Neural Network 

 

Figure 2.2 shows an ANN consisting of five neurons. There are two layers of 

neurons and one layer of weights. An ANN consisting of a layer of weights connecting 

two layers of neurons is called a single layer ANN. The neurons present in the first 

neuron layer are the input neurons which are actually not doing any kind of processing 

but simply accepting the inputs from some outside source and transmitting the inputs to 
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the output neurons over the connection links. The signals transmitted over the connection 

links are multiplied by the associated weights on the connection links and summed at the 

output neuron in the following way to produce the net output as shown in Equation 2.1. 

 

y_out = x1w1 + x2w2 + x3w3 + x4w4      …..Equation 2.1 

 

The net output is supplied to the activation function ‗f‘ to produce the final output 

which is either binary ‗1‘ or ‗0‘. Binary ‗1‘ indicates the firing of the neuron and binary 

‗0‘ indicates that neuron didn‘t fire at all. 

 

y = f(y_out)        …..Equation 2.2 

 

‗y‘ is the final output produced by the ANN [63] as shown in Equation 2.2. 

 

2.1.3 Types of Neural Networks 

ANNs differ in mainly architectures and way of learning. Based on their 

architectures and ways of learning ANNs can be categorized into various types like single 

layer, multi layer, competitive ANNs etc. 

 

2.1.3.1 Single Layer Neural Networks 

Single layer ANNs consists of only a single layer of weights sandwiched between 

two layers of neurons viz. input neuron layer and the output neuron layer. Figure 2.3 

shows a single layer ANN consisting of two layers of neurons, three in each layer. A 

single layer of weights is sandwiched between two layers of neurons. First layer displays 

the input layer of neurons and the second layer displays the output layer of neurons. All 

the input neurons are completely interconnected with all the output neurons. So, for the 

layers of three input and three output neurons that are completely interconnected, the 

weights required are nine. In Figure 2.3, ‗x1‘, ‗x2‘ and ‗x3‘ represents the input neurons 

and ‗y1‘, ‗y2‘ and ‗y3‘ represents the output neurons. And, ‗w11‘, ‗w12‘, ‗w13‘, ‗w21‘, ‗w22‘, 

‗w23‘, ‗w31‘, ‗w32‘ and ‗w33‘ represent the weights of the links connecting input and 

output neuron layers [63]. 
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Figure 2.3: A Single Layer Neural Network 

 

2.1.3.2 Multiple Layer Neural Networks 

Multiple layer ANNs consist of two or more number of layers of weights and one 

or more layer of neurons sandwiched between two layers of neurons viz. input neuron 

layer and the output neuron layer. Figure 2.4 shows a multiple layer ANN which consists 

of three sets of neurons, three neurons in each set. Two sets of weights are sandwiched 

between three layers of neurons. First neuron layer displays the input layer of neurons, 

second neuron layer displays the middle layer of neurons which is also called the hidden 

layer and third neuron layer displays the output layer of neurons. All the input neurons 

are completely interconnected with all the neurons of the hidden neuron layer which in 

turn is interconnected completely with all the neurons of the output neuron layer. So, for 

the input layer consisting of three neurons, three hidden layer neurons and three output 

neurons that are completely interconnected, the weights required are eighteen. In Figure 

2.4, ‗x1‘, ‗x2‘ and ‗x3‘ represents the input neurons, ‗z1‘, ‗z2‘ and ‗z3‘ represents neurons 

of the hidden layer and ‗y1‘, ‗y2‘ and ‗y3‘ represents the output neurons. ‗u11‘, ‗u12‘, ‗u13‘, 

‗u21‘, ‗u22‘, ‗u23‘, ‗u31‘, ‗u32‘ and ‗u33‘ represent the weights of the links connecting input 
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and hidden neuron layers and ‗v11‘, ‗v12‘, ‗v13‘, ‗v21‘, ‗v22‘, ‗v23‘, ‗v31‘, ‗v32‘ and ‗v33‘ 

represent the weights of the links connecting hidden and output neuron layers. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.4: A Multiple Layer Neural Network 

 

Number of hidden layers in a multiple layer ANN varies network to network. It 

actually depends upon the requirements and complexity of the application. A single layer 

ANN is sufficient to train an ANN to identify the printed characters of same dimension, 

but in case of handwritten character recognition multiple layer ANNs are more efficient 

and reliable [63]. 

 

2.1.3.3 Competitive Neural Networks 

Sometimes more than one neuron in a neural network tries to fire at a time 

producing ambiguous results. Competitive ANNs are special type of ANNs which solve 

such problems. Preference is given to that neuron among the competitive neurons that 

produces the maximum output. This situation is sometimes referred to as winner take all 

situations. 
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Figure 2.5 shows a competitive ANN with five neurons. Neurons ‗A1‘, ‗A2‘, ‗A3‘, 

‗A4‘ and ‗A5‘ are completely interconnected with weights ‗–ε‘ [63]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5: A Competitive Neural Network 

 

2.1.4 Selecting the Weights in Neural Networks 

Selecting the weights in ANNs is a vital task. Ways of selecting weights of ANN 

vary network to network depending upon the requirements. Weights can be fixed or 

dynamic. In case of dynamic weight setting, weights can be initialized by assigning small 

values selected on random basis and go on changing until standard weights are not 

determined. Modifying weights is also called training the net. Based upon these 

properties learning in ANNs can be classified as supervised and unsupervised learning 

[63]. 

 

2.1.4.1 Supervised Learning 

Supervised learning means training with the help of a teacher. Actually, teachers 

know the facts but the students learning under teachers start from the nil. Under the 

supervision of teachers students learn step-wise. At each step students commit some 

mistakes that are rectified and acknowledged by the teachers. Finally, the students get 
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trained and commit fewer or no mistakes at all and at that point of time a student is said 

to be trained. This training comes under the supervision of someone who already knows 

the answers and hence is called supervised learning. In case of ANNs, the neural network 

weights are initialized to small weights that are selected at random. ANNs can be trained 

for the problems for which the answers are already known by the ANN designer. But, 

ANNs commit mistakes when inputs are provided to them and produces false results. At 

that point of time weights are modified by using a suitable formula, which differs for 

different ANNs. The weights converge towards standard weights and produce correct 

results [63]. 

 

2.1.4.2 Unsupervised Learning 

Unsupervised learning means learning without the help of a teacher. These types 

of ANNs are also called ANNs which use unsupervised type of learning or self-

organizing maps. The self-organizing maps group similar input vectors together without 

the use of training data or sometimes using a training data which is kept fixed. A number 

of input vectors are presented to the net without setting any weights or using fixed 

weights. The ANN sometimes modifies the weights in order to assign the most similar 

input vectors to same output cluster. A vector is produced by the ANN that represents 

each cluster which is called an exemplar. Actually, unsupervised training is used in those 

situations where answer is not known in advance [63]. 

 

2.1.5 Bias and Threshold 

A bias can be included by adding a special neuron, the input of which is always 

‗1‘. The weight included on that link is also ‗1‘. If bias is included, the activation 

function is given by Equation 2.3. 

f(y_out) = {1 if y_out >= 0 else -1}      …..Equation 2.3 

 

Where, ‗y_out‘ is the net output given in Equation 2.4. 

 

y_out = b +  𝑥𝑖 i * wi        …..Equation 2.4 

 



Chapter 2       Artificial Neural Network (ANN): An Overview 

18 
 

 And, ‗xi‘ is the ‗i
th

‘ input of the ‗i
th

‘ input neuron and ‗wi‘ is the related weight. 

 

 

Figure 2.6: A Simple ANN with a Bias 

 

Figure 2.6 represents a simple ANN with a bias ‗1‘ where the related weight is 

‗b‘. Bias can be further increased to enhance the net output of the ANN. 

 

Instead of using a bias a fixed value called threshold can also be used. The 

threshold decides when the neuron will fire. If threshold value θ is included then the 

activation function is given by Equation 2.5, [63]. 

 

f(y_out) = { 1 if y_out >= θ  else -1}     …..Equation 2.5 

 

 Equation 2.6, which is shown below, gives the value of net output. 

y_out =  𝑥𝑖 i * wi        …..Equation 2.6 

 

2.1.6 Simple Single Layer Neural Networks 

Some of the simple ANNs that were developed earlier are discussed in the sub 

sections. These ANNs are single layered and always converge to give correct results for 

the patterns for which these are already trained. These ANNs can be used to develop 

multiple layer ANNs to solve more complex problems. 
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2.1.6.1 Hebb 

Hebb is the earliest and simplest ANN. It was proposed by Hebb that an ANN can 

be trained by modifying the synapse weights if the ANN gives unexpected results. The 

weights are modified by the following formula as shown in Equation 2.7. 

 

wi(new) = wi(old) + xiy        …..Equation 2.7 

 

Where, ‗wi(new)‘ is the modified weight, ‗wi(old)‘ is the existing weight, ‗xi‘ is 

the input at the ‗i
th

‘ neuron and ‗y‘ is the activation produced by the neural net. 

 

The above equation works very well for the bipolar data. But for the binary data, 

sometimes this equation may not produce the desired results [63]. 

 

Algorithm 2.1 (Hebb): Hebb Learning [63] 

STEP 1. Initialize the weights 

 wi = 0 for i= 1 to n 

 

STEP 2. Repeat Step 3 to Step 5 for each training and target vector pair, s: t 

  

 STEP 3. Set the activations for the input units 

  xi = si for i= 1 to n 

  

STEP 4. Set the activation for the output unit 

  y = t 

  

STEP 5. Modify the weights in case of mismatch of target vector and the output  

vector 

  wi(new) = wi(old) + xiy for i= 1 to n 

  Modify the bias 

  b(new) = b(old) +  y  
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STEP 6. STOP. 

 

2.1.6.2 Perceptron 

Perceptron [63] is a simple and single layer ANN. Perceptron is far better than 

some other single layer ANNs like Hebb and Sigmoid. In a simple peceptron one or more 

than one neurons are connected to a single neuron with the help of weights as shown in 

Figure 2.7. Weights may be initialized to ‗0‘ or very small values taken at random. An 

iterative procedure is used to find out the standard weights. When standard weights are 

generated, the net generates correct outputs. The output of the ‗j
th

‘ perceptron is ‗yj‘.  

Output is calculated by applying the activation function ‗f‘, which is a function of the net 

output, ‗y_out‘ as shown in Equation 2.8.  

 

yj=f(y_outj)   

Where  

y_outj = ∑i xiwij        …..Equation 2.8 

 

 

Figure 2.7: A Simple Perceptron  

Where, ‗xi‘ is the ‗i
th

‘ element of input vector and ‗wij‘ is the weight between the 

‗i
th

‘ element of the input vector and ‗j
th

‘ element of the output vector. The function 

‗f(y_outj)‘ takes the following values depending upon the values of ‗y_outj‘ as shown in 

Equation 2.9. 

  

xi  wij  yj 
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    1 if y_outj >  

 f(y_outj)   =    0 if - < = y_outj< =      

-1 if y_outj < -      …..Equation 2.9 

 

Here, ‗‘ is the threshold value, taken at random.  For each training input, the 

ANN calculates the response of the output unit. The ANN determines whether an error 

occurred for this pattern by comparing the calculated output with the target value.  If an 

error occurs for a particular training input pattern, the weights change as given in 

Equation 2.10. 

 

wij(new) =  wij(old)  +  tjxi      …..Equation 2.10 

 

‗‘ is the learning rate, the value of which is taken at random, ‗tj‘ is the target 

value, which is the output expected from the net. The output ‗yj‘ produced by the net is 

compared with ‗tj‘ and the difference leads to the modification in weight given by 

Equation 2.10. The process continues until ‗yj‘ becomes equal to ‗tj‘. Weights obtained at 

that point are the final and standard weights [63]. 

 

Algorithm 2.2 (Perceptron): Perceptron Learning [63] 

STEP 1. Initialize the weights and bias  

[bias may or may not  be used as threshold is taken] 

 wi = 0 for i= 1 to n 

 b=0 

 Set learning rate α (0 < α <=1) 

 (For simplicity α can be set to 1) 

 

STEP 2. While stopping condition is false, do Steps 3-7 

 

 STEP 3. For each training pair s:t, do Steps 4-6 
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  STEP 4. Set the activations for the input units 

   xi = si for i= 1 to n 

 

  STEP 5. Compute response of output unit 

   y_outj = b + ∑i xiwij  

 

           1 if y_outj >  

y= f(y_outj)   =      0 if - < = y_outj< =      

      -1 if y_outj < - 

 

  STEP 6. Update weights and bias if an error occurred for this pattern 

   If y<>t 

   wi(new) = wi(old) +  αtxi for i= 1 to n 

   b(new) = b(old) +  αt  

   else 

   wi(new) = wi(old) for i= 1 to n 

   b(new) = b(old) 

 

  STEP 7. Test stopping condition: 

   If no weights change in Step 3, Stop 

   Else 

   Continue 

 

STEP 8. STOP. 

 

2.1.6.3 Adaline 

An ADALINE is a single layer ANN which contains a single unit neuron that 

receives inputs from several input neurons. It also receives an input from a neuron whose 

signal is always one which is used as bias. Several ADALINEs that receive signals from 
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the same input units can be combined in a single layer ANN. Multilayer ADALINEs are 

called MADALINE [63]. 

 

Algorithm 2.3 (Adaline): Adaline Learning [63] 

 STEP 1. Initialize the weights and learning rate α 

 wi = 0 for i= 1 to n 

 

STEP 2. While stopping condition is false, do Steps 3-7 

 

STEP 3. Repeat Steps 4 to Step 6 for each bipolar training and target vector pair,  

s : t 

  

 STEP 4. Set the activations for the input units 

  xi = si for i= 1 to n 

  

STEP 5. Compute response of output unit 

  y_outj = b + ∑i xiwij  

  

STEP 6. Modify the weights in case of mismatch of target vector and the output  

vector 

  wi(new) = wi(old) + α(t- y_outj)xi for i= 1 to n 

  Modify the bias 

  b(new) = b(old) +  α(t- y_outj) 

 

 STEP 7. Test for stopping condition 

If the largest weight change that occurred in Step 3 is smaller than a 

specified tolerance, then stop otherwise continue 

 

STEP 8. STOP. 
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2.1.7 Multiple Layer Neural Networks 

Multiple layer ANNs are used in order to solve complex problems. Sometimes it 

becomes necessary for the user, to control the degree of similarity of patterns which are 

placed on the same cluster. Adaptive Resonance Theory nets are developed to allow the 

user to control the degree of similarity of patterns placed on the same cluster [63]. 

 

2.1.7.1 Architecture of ART1 

 

 

Figure 2.8: Structure of ART1 

 

ART1-net consists of three layers of neurons, ‗F1(a)‘ layer called input layer, 

‗F1(b)‘ layer called interface layer and ‗F2‘ layer called cluster layer. ‗F1(b)‘ and ‗F2‘ 

layers are connected by two sets of weights, bottom up weights ‗bji‘  from each of the 

neurons of ‗F2‘ layer to each neuron of the ‗F1(b)‘ layer and top down weights ‗tij‘ from 

each of the neurons of ‗F1(b)‘ layer to each neuron of the ‗F2‘ layer as shown in Figure 

2.8  [4,63]. ‗R‘ is the reset unit which is connected to all the neurons of ‗F1(a)‘ as well as 

‗F1(b)‘. Each neuron of ‗F1(a)‘ layer is connected to the corresponding neuron in ‗F1(b)‘ 

layer. 
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2.1.7.2  Training of ART1 

The vector pattern is presented to ART1-net. ‗S‘ is the sample pattern which is 

presented to ‗F1(a)‘ layer and the signals are sent to the corresponding ‗X‘ units of ‗F1(b)‘ 

layer. ‗F1(b)‘ units are broadcasted to the ‗F2‘ layer with the bottom up weights ‗bij‘. ‗F2‘ 

units compute its net outputs and the units compete for the right to be active. The unit 

with the largest net output sets its activation to ‗1‘, all the other units have activation 

equal to ‗0‘. The index of the winning unit is set to ‗J‘. The winning unit becomes the 

candidate to learn the input pattern. A signal is sent down from ‗F2‘ to ‗F1 (b)‘ layer 

multiplied by the top down weights ‗tji‘. The ‗X‘ units of ‗F1(b)‘ layer remain ―on‖ only 

if they receive non zero signals from both ‗F1(a)‘ and ‗F2‘ units. ||x|| is the norm of the 

vector ‗x‘ and it gives the number of components in which the top down weight vector 

for the winning ‗F2‘ unit ‗tJ‘ and the input vector ‗s‘ are both ‗1‘. It is also called a match. 

||s|| is the norm of the vector s which is represented by ∑i si. If the ratio of norm ‗x‘ to 

norm ‗s‘ is greater than or equal to the vigilance parameter, the weights (top down and 

bottom up) for the winning character is adjusted as shown in Equation 2.11 and Equation 

2.12. 

 

biJ(new) = Lxi/(L-1+||x||)       …..Equation 2.11 

 

tJi(new) = xi         …..Equation 2.12 

 

‗L‘ is the parameter used to update ‗bij‘. If the ratio is less than vigilance 

parameter ‗ρ‘, the candidate unit is rejected, and another candidate is chosen. The current 

winning cluster unit becomes inhibited, so it cannot be chosen again as a candidate on 

this learning trial, and activations of the ‗F1‘ units are reset to ‗0‘. The same input vector 

again sends its signal to the interface units, which again send this as the bottom up signal 

to the ‗F2‘ layer and the competition is repeated without the participation of the inhibited 

units. The process is continued until either a satisfactory match is found which is a 

candidate is accepted or all the units are inhibited. The user decides the action if all the 

units are inhibited. The value of the vigilance parameter may be reduced which allow less 
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similar patterns to be placed on the same cluster, or to increase the number of cluster 

units or to designate the current input pattern as an outlier that could not be clustered [63]. 

 

Algorithm 2.4 (ART1): Adaptive Resonance Theory (ART1) [63] 

STEP 1. Initialize parameters 

L > 1, 0 < ρ <=1, [L = parameter used to update bottom up weights, ρ = vigilance 

parameter] 

 Initialize weights 

 0 < bij(0) < L/(l – 1 + n), tij(0) = 1,  

[bij = Bottom up weights from F1(b) unit Xi to F2 unit Yj , tij = Top down weights 

from F2 unit Yj  to F1(b) unit Xi , n = number of elements in the input vector ] 

 

STEP 2. While stopping condition is false, repeat Steps 3 – 14 

 

 STEP 3. For each training input, repeat Steps 4-13 

 

  STEP 4. Set activations of all F2 units to zero 

   Set activations of all F1(a) units to input vector s 

   

  STEP 5. Compute the norm of s 

   ||s|| =   𝑠𝑖 
n
𝑖  

   

  STEP 6. Send input signal from F1(a) to the F1(b) layer 

   xi = si  

 

  STEP 7. For each non-inhibited F2 node 

  If yj <> -1 then 

  yj =   𝑏𝑖𝑗  
n

𝑖
 𝑥𝑖         

 

  STEP 8. While reset is true repeat steps 9-12 
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   STEP 9. Find J such that yJ >=yj for all j 

If yJ = -1, then all nodes are inhibited and this pattern 

cannot be clustered [J = index of winning unit] 

  

   STEP 10. Recompute activation x of F1(b) 

     xi = sjtJi 

      

   STEP 11. Compute the norm of vector x 

     ||x|| =   𝑥𝑖 
n
𝑖  

 

   STEP 12. Test for reset 

    If ||x||/||s|| < ρ, then 

    yJ = -1 (inhibit node J) ( and GOTO STEP 8) 

    If ||x||/||s|| >= ρ, then GOTO STEP 13 

 

   STEP 13. Update the weights for node J 

    biJ (new) = Lxi/(L – 1 + ||x||) 

    tJi (new) = xi   

 

 STEP 14. Test for stopping condition: 

 

STEP 15. STOP. 

 

2.1.8 Applications of ANNs 

ANNs can be used in almost all the fields. Research is going on to use ANNs in 

most of the areas. ANNs have become a topic of multidisciplinary research now a day. 

Some of the fields where ANNs are used actively are discussed below [63]. 

 

2.1.8.1 Signal Processing 

Signal processing is an engineering discipline which deals with the 

implementation of filters to remove or reduce unwanted frequency components from an 
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information bearing signal [65]. In this field ANNs are used for many applications. One 

of the first of its kind was that in suppressing noise in telephone lines. The ANN used 

here is ADALINE. Adaptive echo cancellers are required in transcontinental satellite 

links for long distance telephone connections. The two-way round trip time delay in order 

to transmit radio signals is in the order of half a second. The switching technology 

involved in the old echo suppression is very much disruptive with path delays of the 

length. The repeater amplifiers of wire based telephone connection also produce echoes. 

At the end of the long distance telephone line, the incoming signal is applied to both the 

telephone system component called the hybrid and the adaptive filter which is an 

ADALINE type of ANN. The difference between the output of the hybrid and the output 

of the ADALINE is the error. The error is used to correct the weights on the ADALINE. 

Finally, the ADALINE is trained to remove the echo from the hybrid‘s output signal [63]. 

 

2.1.8.2 Control 

ANNs are also used in solving the control problems. An application of this type is 

truck backer-upper to provide steering directions to a trailer truck attempting to back up 

to a loading dock. Information is available describing the position of the cab of the truck, 

position of the rear of the trailer, position of the loading dock which is fixed and the 

angles that the truck and the trailer make with the loading dock. The ANN learns to steer 

the truck so that the trailer can reach the dock [63]. There are many practical problems of 

control where ANNs can be used to improve the performance. One can be thought in 

automatic parking system and others can be applied in the robotic applications for auto 

adjustment problems. 

 

2.1.8.3 Pattern Recognition 

Pattern recognition can be defined as the classification of data based on 

knowledge already gained or on statistical information extracted out of the patterns [57]. 

It is one of the different applications of artificial neural networking. This is applied in the 

automatic recognition of handwritten characters. The handwritten characters of human 

beings produce a large number of patterns for a single alphabet. So, it becomes very 

challenging task to recognize such patterns with ease and accuracy. The large variations 
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in sizes, positions and styles of writing make it a very difficult task for the traditional 

techniques. The training is accomplished by presenting a sequence of training vectors, or 

patterns, each with an associated target output vector. The weights are adjusted using a 

suitable learning algorithm. 

 

2.1.8.4 Medicine 

ANNs can be used in the field of medicines. Expert systems are designed using 

ANNs which are performing very well as a good advisor to a doctor or can even be 

implemented in far flung areas where mobile phones and internet can reach but doctors 

cannot. Actually, different diagnosis patterns are designed for different types of diseases 

by human experts like experienced doctors and ANNs are trained to learn the patterns. 

Later these ANNs can be used as expert systems that can be used by the doctors having 

less experience in the field as well as may be provided to far flung areas with the help of 

technologies like mobile phones and internet. 

 

2.1.8.5 Speech Production 

Reading English text is not an easy task because the appropriate phonetic 

pronunciation of an alphabet depends upon the context of its appearance. Traditional 

approach to the problem is constructing a set of rules for the standard pronunciation of 

various groups of letters with a look-up table for the exceptions. NETtalk is an artificial 

neural network approach to speech production. NETtalk requires a set of examples of 

written input with the correct pronunciation of it. The input consists of the letter that is to 

be correctly spoken and three letters before and after it. Some additional symbols are 

used to indicate the end of the word or punctuation. The ANN is trained using 1000 

common English words. After training, the ANN can read new words with correct 

pronunciations, with few errors [63]. 

 

2.1.8.6 Speech Recognition 

ANNs are also used in the field of speech recognition. Systems are there that are 

very useful in this field but have limitations in vocabulary or grammar. Many multilayer 

ANNs are designed to recognize speaker independent speech. One such ANN was 
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developed by Kohonen using the self organizing map. This ANN is called a phonetic 

typewriter. The output units of self organizing map are arranged in two dimensional 

arrays. The inputs of the net are short segments of the speech waveform. As the net 

groups similar inputs, the clusters formed are positioned in such a way that different 

samples of the same phoneme occur on output units that are close together in the output 

array. The speech input signals are mapped to the phoneme regions and the output units 

are connected to the appropriate typewriter key in order to construct the phonetic 

typewriter [63]. 

 

2.1.8.7 Banking and Insurance Sector 

ANNs can also be used in some of the financial sectors like banking and 

insurance companies. The financial companies provides loan to its customers and need 

the recovery of the loan in time to run the company properly. But market is full of 

customers who, after taking the loans, fail to repay the EMIs, either intentionally or 

unintentionally. Similarly, in case of the insurance companies, most of the time company 

gives the insurance to fraud customers. So, before providing the insurance policies or 

loans to the customers, it becomes very much important for the companies to analyze the 

behavior of the customers, ANNs help in doing so. ANNs can be developed that are 

trained to learn the behavioral patterns of different types of customers and helps the 

companies to take decisions to approve the loans and policies.  

 

2.1.9 History of ANN 

History of ANNs is a combination of different experiments with the biological 

neuron systems, computer modeling of the biological neuron systems, the development of 

many mathematical models and the applications in a wide range of domains and also the 

hardware implementation of the ANNs. The history of ANNs can be divided in different 

periods. 
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2.1.9.1 Beginning of the Neural Networks (1940s) 

 

2.1.9.1.1 McCulloch-Pitts 

These ANNs are regarded as the one of the ANNs developed at an early stage of 

ANN development. The researchers considered that if many simple neurons are 

combined to form a neuron system then the computational power of the network is 

increased. Weights on these neurons are set so that the neurons perform a particular 

simple logic function, with different neurons performing different functions. The neurons 

can be arranged into a network to produce an output that can be represented as a 

combination of logic functions. The flow of information through the network assumes a 

unit time step for a signal to travel from one neuron to the next. The idea of threshold is 

also used in this ANN [63]. 

 

2.1.9.1.2 Hebb 

Donald Hebb, who was a psychologist at McGill University, designed the first 

learning rule for ANNs. According to him, if two neurons are active simultaneously, then 

the strength of the connection between them should be increased. Refinements are made 

to this general statement to allow computer simulations [63]. 

 

2.1.9.2 First Golden Age of Neural Networks (1950s and 1960s) 

The period of 1950s and 1960s is considered as the first golden age of ANNs. 

During that period some of the efficient ANNs were designed such as Perceptron and 

Adaline. John Von Neumann was very much interested in modeling the brain [63]. 

 

2.1.9.2.1 Perceptron 

Frank Rosenblatt introduced an ANN called perceptron together with many other 

researchers. A typical perceptron consists of an input layer connected by links with fixed 

weights. The weights are adjustable. The perceptron learning rule uses an iterative weight 

adjustment which is more powerful than Hebb learning rule. Rosenblatt described many 

types of perceptrons like the one that uses a threshold value to fire. The early success of 

perceptron led to enthusiastic claims. The mathematical proof of the convergence of 
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iterative learning under suitable assumptions was followed by the demonstration of the 

limitations of the perceptrons [63]. 

 

2.1.9.2.2 Adaline 

Bernard Widrow and his student, Marcian (Ted) Hoff, developed a learning rule 

which is closely related to perceptron learning rule. The perceptron learning rule adjusts 

the weight on the links by a unit whenever the response of the net is not correct. The rule 

that is used in ADALINE to modify the weights in case of an error is called the delta rule. 

The delta rule adjusts the weights to reduce the difference between the net input to the 

output unit and the desired output which results in the smallest mean square error [63]. 

 

2.1.9.3 Quite Years (1970s) 

The period of 1970s is considered as the quite years of ANNs. Minsky and Papert 

demonstrated for the limitations of perceptrons but research on ANNs were still carried 

out. During that period some of the ANNs were designed by Kohonen, Anderson, 

Grossberg and Carpenter [63]. 

 

2.1.9.3.1 Kohonen 

Teuvo Kohnen of Helsnki University of Technology in 1972 worked with 

associated memory ANNs [63].  

 

2.1.9.3.2 Anderson 

James Anderson of Brown University also started his work on associated memory 

ANNs. He developed these ideas into his ―Brain-State-in-a-Box‖, which truncates the 

linear output of earlier models to prevent the output from becoming too large as the ANN 

iterates to find a standard solution. These nets were applied in the field of medical 

diagnosis [63]. 

 

2.1.9.3.3 Grossberg 

Stephen Grossberg published a number of papers in this field during the period. 

His work is very mathematical and very biological [63]. 
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2.1.9.3.4 Carpenter 

Together with Stephen Grossberg, Gail Carpenter has developed a theory of self 

organizing neural networks which is also called Adaptive Resonance Theory. Adaptive 

Resonance Theory is developed in two forms. ART1 is one form which is developed for 

clustering binary vectors. ART2 is another form which accepts continuous-valued 

vectors. These nets use unsupervised learning [63]. 

 

2.1.9.4 Renewed Enthusiasm (1980s) 

The period of 1980s is called the renewed enthusiasm period in the development 

of ANNs. During that period many advanced concepts of ANNs were developed like 

Backpropagation, Hopfield nets, Neocognitron and Boltzmann machine. 

 

2.1.9.4.1 Backpropagation 

Back propagation method propagates the error back to the hidden layers. A back 

propagation net consists of three phases. In the first phase input pattern is presented to the 

net for training. This phase is also called the feed forward phase of the input pattern. In 

the second phase the error is calculated and propagated back to the hidden layer. In the 

third and final phase the weights are adjusted [63]. 

 

2.1.9.4.2 Hopfield Nets 

John Hopfield, of the California Institute of Technology and David Tank, a 

researcher at AT&T developed many ANNs based on fixed weights and adaptive 

activations. These ANNs served as associative memory nets and were used to solve many 

problems like ―Travelling Salesman Problem‖ [63]. 

 

2.1.9.4.3 Neocognitron 

Kunihiko Fukushima and his colleagues at NHK laboratories in Tokyo have 

developed a series of specialized ANNs to recognize characters. One of those ANNs is 

neocognitron. An earlier version of neocognitron is cognitron which failed to recognize 

distorted characters position-wise or rotation-wise [63]. 
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2.1.9.4.4 Boltzmann Machine 

Many researchers developed ANNs which are non-deterministic in nature. In 

these types of ANNs the weights or activations are changed on the basis of a probability 

density function [63]. 

 

2.1.9.4.5 Hardware Implementation 

ANNs are also implemented in hardware. Carver Mead, of California Institute of 

Technology co invented the software to design microchips. Nobel laureate Leon Cooper 

of Brown University introduced one of the first multilayer nets, the reduced coulomb 

energy network [63]. 

 

Example 1.1 Training a neural network to solve two input OR-Gate problem 

A two input OR-Gate problem can be easily solved with the help of a single layer 

ANN [63]. A simple OR-Gate consists of two inputs and an output as shown in Figure 

2.9. 

 

 
 

Figure 2.9: Logic Symbol of an OR-Gate 

 

‗X1‘ and ‗X2‘ are the two inputs and ‗Y‘ is the single output of an OR-Gate. Figure 2.10 

shows the ANN implementation of the OR-Gate. 

 

  

X1 

X2 

Y 
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Table 2.1: Truth Table of the OR-Gate 

 

X1 X2 Y 

0 0 0 

0 1 1 

1 0 1 

1 1 1 

 

The OR-Gate produces ‗0‘ for the first combination of binary inputs and produces 

one for the other combinations of the binary inputs as shown in Table 2.1. This is known 

to the users who are familiar with different features of different gates. But, it is not 

known to the ANN and the layman. So, if they want to learn about the gates with the help 

of some expert systems which is using ANNs, the ANN has to be trained for the purpose. 

 

Simple perceptron can be used to solve the above problem. To, implement the 

above problem using ANNs, an ANN is needed with two inputs and a single output. This 

can be achieved by considering an ANN with one layer of input neurons and one layer of 

output neuron and a single layer of weights as shown in Figure 2.10. 

 

 

 

 

Figure 2.10: ANN Implementation of OR-Gate 

 

‗x1‘ and ‗x2‘ are the two inputs of the input layer, ‗w1‘ and ‗w2‘ are the weights of 

the single weight layer and ‗y‘ is the single output of the output layer.  

y 

x1 

x2 

w1 

w2 
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Epoch 1 

Table 2.2: Initial Values of the OR-Gate ANN 

 

x1 x2 w1 w2 y_out y t 

0 0 0 0 0 0 0 

0 1 0 0 0 0 1 

1 0 0 1 0 0 1 

1 1 1 1 2 1 1 

 

Initially, weights are set to zero as shown in Table 2.2 because the standard 

weights that produce the correct outputs are not known in advance. The, problem takes 

some epochs to converge to the standard weights. 

 

Threshold value ‗Ө‘ is taken as ‗0.2‘ which is selected at random. Learning 

parameter ‗α‘ is taken as ‗1‘. First combination of the input that is x1 = x2 = 0 is presented 

to the net. 

 

The net output of the input vector, ‗y_out‘ can be calculated using Eq. 2.8 

 

y_out = x1*w1 + x2*w2 

y_out = 0*0 + 0*0 

y_out = 0, which is less than threshold. 

 

Using, Eq. 2.9, the activation produced by the net  ‗y‘ is calculated. 

 

y = 0, which is equal to the target. So, weights are not modified. 

 

Second combination of the input that is x1 = 0 and x2 = 1 is presented to the net. 

 

Again, the following values are calculated using perceptron. 

y_out = 0*0 + 1*0 
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y_out = 0, which is less than threshold. 

So, y = 0, which is not equal to the target. So, weights need to be modified in this case. 

Eq. 2.10 is used to modify the weights 

w1(new) =  w1(old)  +  t1x1  

w1(new) =  0 + 1*1*0 

So, w1(new) =  0  

And 

w2(new) =  w2(old)  +  t2x2  

w2(new) =  0 + 1*1*1 

So, w2(new) =  1 

Third combination of the input that is x1 = 1 and x2 = 0 is presented to the net. 

y_out = 1*0 + 0*1 

y_out = 0, which is less than threshold. 

So, y = 0, which is not equal to the target. So, weights need to be modified in this case. 

w1(new) =  w1(old)  +  t1x1  

w1(new) =  0 + 1*1*1 

So, w1(new) =  1  

And 

w2(new) =  w2(old)  +  t2x2  

w2(new) =  1 + 1*1*0 

So, w2(new) =  1 

Fourth combination of the input that is x1 = 1 and x2 = 1 is presented to the net. 

y_out = 1*1 + 1*1 

y_out = 2, which is greater than threshold. 

So, y = 1, which is equal to the target. So, weights need not to be modified in this case. 

 

First epoch could not produce correct results for all the vectors. So, the ANN is 

trained for another epoch. 

  



Chapter 2       Artificial Neural Network (ANN): An Overview 

38 
 

Epoch 2 

Table 2.3: Values of the OR-Gate ANN for Epoch 2. 

 

x1 x2 w1 w2 y_out y t 

0 0 1 1 0 0 0 

0 1 1 1 1 1 1 

1 0 1 1 1 1 1 

1 1 1 1 2 1 1 

 

First combination of the input that is x1 = x2 = 0 is presented to the net as shown in 

Table 2.3. 

y_out = 0*1 + 0*1 

y_out = 0, which is less than threshold. 

y = 0, which is equal to the target. So, weights are not modified. 

Second combination of the input that is x1 = 0 and x2 = 1 is presented to the net. 

y_out = 0*1 + 1*1 

y_out = 1, which is greater than threshold. 

So, y = 1, which is equal to the target. So, weights are not modified in this case. 

Third combination of the input that is x1 = 1 and x2 = 0 is presented to the net. 

y_out = 1*1 + 0*1 

y_out = 1, which is greater than threshold. 

So, y = 1, which is equal to the target. So, weights are not modified in this case. 

Fourth combination of the input that is x1 = 1 and x2 = 1 is presented to the net. 

y_out = 1*1 + 1*1 

y_out = 2, which is greater than threshold. 

So, y = 1, which is equal to the target. So, weights are not modified in this case. 

 

Second epoch produced correct results for all the vectors. So, the ANN is not 

required to be trained for another epoch because further epochs produce the same results. 

The weights obtained in the second epoch becomes the standard weights which can be 
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used to calculate the output of the OR-GATE, if an input vector of two inputs is 

presented to the net. 

 

2.2 Conclusion 

This chapter discussed the role of Artificial Neural Networks (ANNs) to develop 

intelligence in computers. The need to develop intelligence in machines is also discussed. 

The idea of developing ANN emerged from the capability of human beings to learn from 

experiences and human brain plays a great role in this. Human brain is a network of 

biological neurons interconnected to perform these tasks. Artificial Neurons can be 

developed using computer programs and ANNs can be designed to perform the same 

functions. Different types of ANNs with their applications in different fields are also 

discussed. 



 

 
 

Chapter 3 

Literature Review 

 

 

Handwritten characters can be recognized either using online or offline system. In 

case of online system the character images are processed during their creation. In case of 

offline system, document is first generated, digitized and stored in computer and then 

processed. Some external factors like pressure put on the writing pad and speed of 

writing have a great impact on online system but have little impact on the offline system 

[170]. The online systems are better performers than the offline systems because of the 

presence of temporal information in case of online systems [149]. But in practical life, in 

order to carry out the digitization of manual documents, we need to use offline systems. 

A lot of work has already been carried out in the field of handwritten recognition, 

using online and offline systems. But the accuracy is still confined to around 90% in case 

of offline systems due to a huge variation in shape, size, scale, handwriting styles, 

orientation and many other factors [50].  

Segmentation of characters has been done in recognizing Amazigh writing, from a 

single line using vertical histogram [62]. Methods are also used to enclose the images 

into windows and cells in order to identify the images [6]. Morphological analysis has 

also been done in some work in order to segment units of text. The smallest unit of 

characters having certain linguistic meaning in it is called morpheme [133]. The method 

is inspired by other work that has already been done in the field of segmentation and 

contour tracing algorithms [138]. A contour is an enclosure around the character. Basu S 

et al has developed a segmentation method to extract out offline handwritten Bengali 

script. In this paper a hybrid model of image based dissection and recognition based 

segmentation is proposed [15]. Hong C et al have worked on segmentation and 

recognition of continuous handwriting Chinese text. This method performs basic 

segmentation and fine segmentation based on varying spacing thresholds and minimum 

variance criteria [80]. Kurniawan F et al have proposed a region based touched character 

segmentation method. In this approach Self Organizing Maps (SOM) has been used to 

identify the touching portions of the cursive words [95]. Kumar M et al have worked on 
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the segmentation of isolated and touching characters in offline handwritten Gurmukhi 

script recognition. In this method a technique called water reservoir based technique has 

been applied for the identification and segmentation of touching characters [93]. 

Nikolaou N et al have worked on segmentation of historical machine-printed documents 

using adaptive run length smoothing and skeleton segmentation paths [131]. Ramteke A 

S and Rane M E have worked on offline handwritten Devanagari script segmentation. 

This method uses connected component approach and vertical projection profile, which is 

the histogram of input image, where the zero valley peaks show the space between the 

words and characters [155]. Bozinovic R M and Srihari S N have worked on locating the 

reference lines as the lower-line, lower-baseline, upper-baseline and the upper-line [32]. 

The character images are actually patterns and proper identification of these 

patterns plays a significant role to identify a handwritten character. Identification of 

common features of identical characters plays a vital role in the identification of varying 

character patterns. A feature vector is extracted out of the handwritten character images 

and fed into a classifier. Some of the examples of pattern classifiers are nearest or k-

nearest-neighbor classifier [70, 184], Bayes classifier [166], neural networks [105] and 

support vector machine [13, 104, 204]. A lot of work has also been done on the feature 

extraction methods. Many feature extraction methods based on statistical and structural 

features and global transformation techniques are discussed [195]. Common features 

present in the characters can be used to generalize the variations in patterns.  

  Multiscale Training Technique (MST) has been used in many places to solve the 

generalization problems [200, 158, 76].  The accuracy of MST is 85%. Results of MST 

depend largely on resolution of the character images. Image resolution and the training 

speed have to be optimized to achieve the highest percentage of accuracy. Work has 

already been carried out to identify the characters in Devnagri script by combining 

multiple feature extraction techniques like intersection, shadow feature, chain code 

histogram and straight line fitting [12]. Another approach towards feature extraction 

technique is to calculate only twelve directional feature inputs depending upon the 

gradients, where the features of the handwritten characters are the directions of the pixels 

with respect to their neighboring pixels [179]. Hybrid methods are also applied to 

recognize the handwritten characters. One such method is a prototype learning/matching 
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method that can be combined with Support Vector Machines (SVM) in pattern 

recognition [42]. K-nearest neighbor methods can be used to recognize the patterns [96]. 

In K-nearest neighbor methods the pattern is obtained by looking into k number of 

nearest patterns having the least Euclidean distance with that of the pattern. 

Besides the works just stated above a thorough literature survey has been carried 

out on the work done so far in the field of online and offline handwriting recognition.  

Starting from fifties, the notable amount of work, found in the field of handwriting 

recognition, can be divided into seven decades. First three decades can be considered as 

the early stage of development and last three decades as well as the current decade can be 

considered as the recent stage of the period. 

 

3.1 Early Developments 

The work in the field of handwriting recognition is in its seventh decade. Still lot 

of work has to be done in this field. To the best of our knowledge no such method has 

been developed in the field of offline handwritten recognition which can claim 100% 

accuracy on any type of script pattern. In the earlier three decades a lot of work has been 

carried out and lot many methods were developed during that period. A few of the 

methods also produced some fruitful results. 

 

3.1.1   Work during the Period 1951-1960 

During that period the work in the field of character recognition was started. 

Grimsdalc et al (1959) have carried out a notable amount of work in this area [69]. 

 

3.1.2   Work during the Period 1961-1970 

A number of works has been carried out in this decade by different researchers. 

During this period Narasimhan (1964,1966) has carried out some work on labeling 

schema for the syntactic description of pictures and a syntax directed interpretation of 

different classes of pictures [128, 126]. Eden (1968) has suggested an analysis by 

synthesis method [61]. According to Eden, there exist a finite number of schematic 

features which form all the handwritten characters. Narsimhan (1969) has proposed a 

description and generation based recognition method [129].   
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3.1.3   Work during the Period 1971-1980 

Narasimhan R and Reddy V S N (1971) have suggested a method which said that 

the current rules can be modified on the basis of experience and acquired knowledge 

[127]. Yoshida et al (1974) and Cox et al (1974) have extended the work carried out by 

Eden in sixties [210, 49]. Feng H F and Pavlidis T (1975) have suggested a feature 

extraction method for the syntactic pattern recognition by boundary approximation of the 

character using polygons on the basis of concavity [64]. Pavlidis T and Au F (1975) and 

Ali F and Pavlidis T (1977) have suggested a split and merge algorithm which is used for 

the polygonal approximation of characters for the numeral recognition [143, 2]. Sethi L K 

and Chatterjee B (1977) have used four basic primitives such as horizontal, vertical, right 

and left-slant to recognize Devanagri characters [169]. Rajasekaran S N S and 

Deekshatulu B L (1977) have worked on a two stage recognition system for Telugu 

alphabets [153]. A method has been used by Siromoney et al (1978) to recognize 

machine printed Tamil characters [183]. Adaptive threshold logic has been deployed by 

Marudarajan et al (1978) for printed Devanagri numeral recognition [120]. Some work 

has been done by Agui T and Nagahashi N (1979) to recognize hand printed Chinese 

characters [1].  

 

3.2 Recent Developments 

Works done during the last three decades as well as the current decade can be 

considered as the recent developments. 

 

3.2.1   Work during the Period 1981-1990 

Fuji et al (1981) have worked on a model for recognizing handwritten Kanji 

character [66]. Berthod (1982) has extended the work carried out by Eden in sixties [23]. 

Arakawa (1983) has carried out a research on online handwritten character recognition 

using Japanese characters [9]. Burr D J (1983) has designed a handwriting reader based 

on compensation of writing slant [38]. Yamashita Y et al (1983) have worked on the 

classification of hand printed Kanji characters by the structured segment matching 

method [208]. Maarse F J and Thomassen A J W M (1983) have worked on a method 

based on writing slant [109]. Brown M K and Ganapathy S (1983) have developed 
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preprocessing techniques for recognizing cursive type of handwritten scripts [35]. 

Yamamoto et al (1984) have worked on recognition of Chinese handwritten characters 

[207]. Cheng Y S and Leung C H (1985) have proposed a fuzzy set method for 

recognizing handwritten Chinese characters [46]. Sinha R M K and Mahabala (1985) 

have carried out a work on Devanagari script using syntactic method using an embedded 

picture language which was based on prototype context [181]. Xie X L and Suk M (1988) 

have worked on a model to recognize Chinese characters, based on features, reflecting 

structural information [206]. Young (1988) has worked on a model which recognizes the 

handwritten Chinese characters using neural networks [211]. Almuallim H and 

Yamaguchi S (1987) have worked on statistical and structural method for recognizing 

cursive Arabic characters [3]. Sinha (1987) has also suggested the significance of context 

in the recognition of Devanagari characters [182]. Bozinovic R and Srihari S N (1989) 

have proposed a method to recognize offline cursive script [31]. Lang K et al (1990) have 

worked on time-delay neural network architecture for isolated word recognition which is 

based on sliding window concept and it was used for speech applications [98]. 

 

3.2.2   Work during the Period 1991-2000 

Principal Component Analysis (PCA) is a very well known method used for 

feature extraction. PCA linearly transforms a high dimensional input vector into a low 

dimensional vector by calculating the Eigen vectors of the covariance matrix of the 

inputs, whose components are uncorrelated. Turk M and Pentland A (1991) have 

proposed a feature extraction method which used Eigen faces for Recognition [198]. Tian 

Q et al (1991) have carried out a survey on the recognition of Omni font printed 

characters [194]. Jacobs R A et al (1991) have introduced a concept of modular neural 

architecture which has several expert networks and a gating network. In class modular 

concept a single task is decomposed into multiple subtasks and each subtask is allocated 

to an expert network [83]. Matan et al (1992) have developed a segmentation scheme on 

the basis of vertical cut which analyzes vertical projection of the image in order to 

segment the ZIP codes [121]. Lam L et al (1992) have carried out a comprehensive 

survey on thinning methodologies which is a space domain technique [97]. Thinning 

extracts out the shape information of the characters. Fujisawa H and Nakano Y (1992) 
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have worked on a model which segments and recognize the characters by analyzing the 

shapes of the strokes of the touching patterns [67]. Suen C et al (1992) have worked on 

the recognition of unconstrained handwritten numerals where structural features such as 

endpoints, fork points, holes, length, shape, or curvature of the individual strokes that 

occur as part of the character are considered [189]. Cheriet M and Suen C Y (1993) have 

worked on some preprocessing techniques because it is necessary to carry out some 

document analysis operations prior to recognizing text in scanned documents [47]. Some 

of the preprocessing techniques are putting thresholds, converting a gray-scale image into 

a binary black-white image, noise removal, extraction of the foreground textual matter by 

removing like textured background, salt and pepper noise and interfering strokes, line 

segmentation, the separation of individual lines of text, word segmentation, the isolation 

of textual words, and character segmentation, the isolation of individual characters. 

Martin G L et al (1993) have worked on integrated segmentation and recognition method 

to segment and recognize text which used exhaustive scans or learned saccadic jumps 

[119]. This method is a back-propagation learning neural network which exhaustively 

scans a character field. This method has been trained to recognize the position of the 

input window that it was centered over a single character or between characters. If the 

input window is centered on the character, the network classifies the character. This 

method produces high accuracy, generates too many candidate segments to enhance the 

accuracy. Bullock D et al (1993) have developed an ANN model to recognize cursive 

type of handwritten script [36]. Boccignone G et al (1993) have developed a method to 

recover dynamic information in static handwritten text [29]. Cardot H et al (1994) have 

developed a static signature verification system based on cooperative neural network 

architecture [40]. While scanning the text some noise like disjoint lines, bumps and gaps 

in lines etc. are found. Serra (1994) has given an overview of morphological filtering 

where some noise removal techniques are discussed [168]. Bellagarda E J et al (1994) 

have proposed a fast statistical mixture algorithm for the recognition of online 

handwritten text [21]. Bimbo A D et al (1994) have proposed an OCR which recognizes 

poor quality images by deformation of elastic templates [26]. Chen M Y et al (1994) have 

proposed a method which recognizes offline handwritten words using a Hidden Markov 

Model Type Stochastic Network [44]. Trier D and Jain A K (1995) have worked on a 
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goal directed evaluation of binarization methods which is a space domain method 

required for compression [197]. This method applies a method called thresholding which 

reduces the storage requirements and increases the speed of processing by converting the 

colour or gray-scale images to binary by using a threshold value. Bramall P E and 

Higgins C A (1995) have proposed a method which recognizes cursive type of 

handwriting which is based on human reading Models [33]. Bauer F and Wirtz B (1995) 

have proposed a method based on parameter reduction and personalized parameter 

selection for automatic signature verification [17]. Lucas S and Amiri A (1995) have 

worked on a method which recognizes chain-coded handwritten character images with 

scanning n-tuple method [108]. Bengio Y et al (1995) have proposed an ANN and 

Hidden Markov Model Hybrid approach for online handwriting recognition [22]. Murase 

H and Nayar S (1995) have proposed visual learning and recognition of 3D Objects from 

appearances [125]. Anquetil E and Lorette E (1995) have proposed a method to recognize 

online cursive handwritten characters using Hidden Markov Models [7]. Bijhold J M 

(1995) has used color transformation for the extraction of handwritten documents [25]. 

Chen H et al (1997) have developed a piecewise linear modulation model for handwriting 

recognition [43]. Dehghan M (1997) has worked on a method which carried out signature 

verification using shape descriptors and multiple neural networks [55]. Anquetil E and 

Lorette G (1997) have proposed a perceptual model of handwriting drawing application 

for the handwriting segmentation problem [8]. Ohba K and Ikeuchi K, Detectability 

(1997) have proposed a method based on uniqueness and reliability of Eigen windows for 

stable verification of partially occluded objects [135]. Bouletreau V et al (1998) have 

proposed a method to recognize handwriting text and signature of an individual to 

analyze the special nature of writing, having application in forensic analysis [30]. Kim et 

al (1998) have worked on the architecture for handwritten text recognition systems where 

post processing stage of the handwriting recognition system was discussed [92]. In post 

processing stage, which is the final stage of the proposed handwritten recognition system, 

the printing of the recognized characters, in the text format, was carried out. Senior A and 

Robinson A (1998) have developed an offline cursive handwriting recognition system 

[167]. Coatea M et al (1998) have worked on automatic reading of cursive scripts using a 

reading model and perceptual concept [48]. Morita M et al (1999) have proposed a 
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method which used mathematical morphology and weighted least squares to correct 

handwriting baseline skew [123]. Nishimura N et al (1999) have worked on a method 

which carried out offline character recognition using HMM by multiple directional 

feature extraction and voting with bagging algorithm [132]. Lee S W and Kim S Y (1999) 

have proposed a new type of cascade neural network to train the spatial dependences in 

connected handwritten numerals, which was originally extended from the multilayer 

feed-forward neural network to improve the discrimination and generalization power 

[100]. Bazzi I et al (1999) have proposed an online omni font open vocabulary OCR 

system to recognize English and Arabic handwritten characters which is user dependent, 

having limited vocabulary and satisfactory for the restricted applications [18]. Saon G 

(1999) has proposed a random field based HMM to recognize cursive word [164]. Oh I S 

et al (1999) have carried out an analysis on class separation and combination of class-

dependent features for handwriting recognition [134]. Steinherz T et al (1999) have 

carried out a survey on offline cursive word recognition [188]. Plamondon R and Srihari 

S N (2000) have carried out a comprehensive detailed survey on vast research carried out 

on online and offline handwriting recognition [146]. Said H et al (2000) have worked on 

the identification of a person based on the handwriting [163]. Mori M et al (2000) have 

described the synthetic generation of isolated characters and worked on generating new 

samples from handwritten numerals based on point correspondence [122]. 

 

3.2.3   Work during the Period 2001-2010 

Rahman R et al (2001) have proposed a multi expert framework for character 

recognition which is a novel application of Clifford networks [152]. Hamid A and Haraty 

R (2001) have proposed a Neuro-Heuristic approach to segment handwritten Arabic Text 

[74]. Handwriting patterns are actually two dimensional in nature. Park H S et al (2001) 

have developed a two dimensional HMM method to recognize offline handwritten 

characters [140]. Maergner V and Pechwitz M (2001) have described a system for 

machine printed Arabic OCR that was trained on synthetic data [110]. Marti U V et al 

(2001) have worked on a feature extraction method where writer identification was 

carried out using text line based features [118]. Marti U V and Bunke H (2001) have 

worked on the improvement of the performance of an HMM based cursive handwriting 
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recognition system, using a statistical language model [117]. Arica N and Fatos T 

Yarman-Vural (2002) have carried out a research to recognize optical characters for 

Cursive Handwriting [11]. Verma B (2002) has proposed a contour character extraction 

approach in conjunction with a neural confidence fusion technique for the segmentation 

and recognition of handwritten characters [201]. Marti U V and Bunke H (2002) have 

worked on the IAM-database which is an English sentence database for off-line 

handwriting recognition [116]. As a thumb rule the performance of an ANN increases 

with increase in training set but acquiring training data is a tedious and expensive 

process. Rowly H et al (2002) have worked on the effect of large training set sizes on 

online Japanese Kanji and English cursive recognizers [160]. Tomai C et al (2002) have 

worked on transcript mapping for recognizing historic handwritten document images 

[196]. Varga T and Bunke H (2003) have worked on the generation of synthetic training 

data for an HMM-based handwriting recognition system [199]. Helmers M and Bunke H 

(2003) have worked on generation and use of synthetic training data in cursive 

handwriting recognition [79]. Bunke H (2003) has reviewed the state of the art in offline 

Roman cursive handwriting recognition where the input was an image of a digit, a word 

or some text and the system produced an ASCII transcription [37]. Parkins A D and 

Nandi A K (2004) have proposed genetic programming techniques to recognize 

handwritten digits [141].  Kahraman F et al (2004) have carried out a comparison 

between the performance of SVM and ANN for handwritten character classification [89]. 

It is found that ANN consumes less storage and less computation time than SVM. 

Mansour M and Benkhadda M (2005) have proposed optimized segmentation techniques 

for Arabic handwritten numeral character recognition [114]. Vinciarelli A (2005) has 

worked on noisy text categorization which is a noise removal technique [203]. Marinai S 

et al (2005) have worked on a segmentation technique and used an ANN for Document 

Analysis and Recognition [115]. Basu S et al (2005) have worked on Multilayer 

Perceptron (MLP) which is used for ‗Bangla‘ alphabet recognition [16]. The accuracy of 

the above model is 86.46% and 75.05% on samples of training and testing samples 

respectively. Islam M W et al (2005) have proposed a method to recognize handwritten 

Bangla Numeral using back-propagation algorithm with and without Momentum factor 

[82]. Rahman M S et al (2008) have proposed a method to Recognize Handwritten 



Chapter 3       Literature Review 

49 
 

Bengali Numerals for Postal Automation [151]. Majumdar A and Chaudhuri B B (2006) 

have proposed a zone based feature extraction algorithm where a MLP classifier has been 

used to recognize both printed and handwritten Bangla numerals [111]. Lorigo L and 

Govindaraju V (2006) have carried out a survey on offline Arabic handwriting 

recognition [106]. Zafar M et al (2006) have proposed a method to recognize online 

isolated handwritten characters by using back propagation neural networks with the help 

of sub-character primitive features [212]. Sharma N et al (2006) have suggested a 

method, which uses zoning and directional chain code features and considers a feature 

vector for the recognition of handwritten Kannada numerals which produces good 

accuracy, but comparatively high time complexity [172]. Hanmandlu M and Ramana 

Murthy O V (2007) have proposed a fuzzy model to recognize handwritten numerals 

[77]. Dinesh Acharya et al (2007) have used a feature extraction method to recognize 

handwritten Kannada characters where the features are 10-segment string, water 

reservoir, horizontal/vertical strokes, K-Mean clusters and end point with accuracy of 

90.5% [59]. This method is not free from thinning. Muhammad Sarfraz1 and Ali Taleb 

Ali Al-Awami (2007) have worked on Arabic character recognition using ‗Particle 

Swarm Optimization‘ with selected and weighted moment invariants, moments are the 

features and obtained accuracy is 82% [124]. Shaw B et al (2008) have suggested a 

method based on continuous density HMM to recognize a word. This is a feature 

extraction method which uses the histogram of chain-code directions in the word image, 

scanned from left to right by using a sliding window, as the feature vector [175]. Velappa 

Ganapathy and Kok Leong Liew (2008) have worked on a method called Multiscale 

Neural Network Training Technique to recognize handwritten character and obtained an 

accuracy of 85% [200]. Jawad H A et al (2008) have worked on a component based 

segmentation technique to segment the words from handwritten Arabic text [85]. Araki N 

et al (2008) have proposed a statistical approach to recognize handwritten characters 

using Bayesian Filter [10]. Srivastava D K and Bhambhu L (2009) have used support 

vector machine for data classification [187].  

Shubhangi D C and Hiremath P S (2009) have worked on the recognition of 

handwritten English characters and digits using multiclass SVM classifier and structural 

micro features [177]. Jou C and Lee H C (2009) have carried out a research to recognize 
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handwritten numerals which is based on simplified structural classification and fuzzy 

memberships [88]. Rajashekararadhya S V and Ranjan P V (2009) have worked on the 

recognition of handwritten numeral/mixed numerals of South-Indian scripts which is a 

zone- based feature extraction method [154]. Bhattacharya U and Chaudhuri B B (2009) 

have proposed a method to recognize handwritten numerals for mixed Indian scripts [24]. 

Yanhua M and Chuanjun L (2009) have proposed an algorithm to recognize Chinese 

characters which was based on minimum distance classifier [209]. This algorithm uses 

two classes of feature extraction which are structure and statistics. The statistic feature 

decides the primary class and the structure feature recognized the Chinese characters. 

Keyarsalan M et al (2009) have worked on ‗Font-Based‘ recognition of Persian 

characters using simplified fuzzy ‗ARTMAP‘ ANN which is improved by fuzzy sets and 

‗Particle Swarm Optimization‘ and the accuracy obtained is 91.24% [90]. This is an 

offline method and used Persian characters. Pal A and Singh D (2010) have proposed an 

ANN model to recognize English characters [136]. In this work, MLP having one hidden 

layer has been used. The best case accuracy of this model is 94%. Pradeep J et al (2010) 

have worked on a model using diagonal feature extraction based handwritten character 

recognition system using neural networks. For classification ANN has been used [148]. 

Sharma D and Gupta D (2010) have used vertical, horizontal and diagonal profiles 

extracting out 54 features from each character where a feed forward, back propagation 

neural network with two hidden layers have been used for the classification [171]. 

Papavassiliou V et al (2010) have carried out handwritten document image segmentation 

into text lines and words [139]. Manivannan N and Neil M A A (2010) have worked on 

Optical Correlated neural network architecture to recognize patterns [113]. 

 

3.2.4   Work during the Current Decade 

Pradeep J et al (2011) have worked on a diagonal based feature extraction for 

handwritten alphabet recognition system using ANNs [147]. Kumar M et al (2011) have 

proposed a method using SVM classifier to recognize handwritten Gurumukhi characters 

where to extract the features of character, diagonal features extraction technique has been 

used [94]. Perwej Y and Chaturvedi A (2011) have worked on an ANN model to 

recognize English alphabets [144]. In this model binary pixels of the alphabets are used 
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to train the ANN. The accuracy of this model is 82.5%. Renata F. P. Neves et al (2011) 

have proposed a SVM based offline handwritten Digit Recognizer [157]. Som T and Saha 

S (2011) have used fuzzy membership function to recognize handwritten characters 

[185]. Dhandra B V et al (2011) have worked on a script independent approach to 

recognize Telugu and Devnagari handwritten numerals with probabilistic neural networks 

[58]. Pirlo G and Impedovo D (2011) have worked on Fuzzy-Zoning-Based 

Classification to recognize Handwritten Characters [145]. Shrivastava S and Singh M P 

(2011) have worked on the performance evaluation of feed-forward neural network with 

soft computing techniques to recognize handwritten English alphabets [176]. Siddharth K 

et al (2011) have proposed a zone based feature extraction method to recognize the 

numerals where the densities of object pixels in each zone have been calculated. The 

image is divided into 4 × 4 zones and to enhance accuracy, the zones are further divided 

into 6 × 6 zones and can be extended to a dimension of 8 × 8 zones where 116 features 

have been extracted. Nearest neighbor classifier has been used to classify and recognize 

the numerals [178]. Huiqin L et al (2011) have proposed a distribution based algorithm 

based on image segmentation and distribution of pixels [81]. Dash T and Nayak T (2012) 

have worked on Non-Correlated character recognition using ANN which is an offline 

method and do not posses any linear relationships among the characters [53]. The 

accuracy obtained in this method is 78%. Jane A P and Pund M A (2012) have worked on 

the recognition of similar shaped handwritten Marathi characters using ANN which uses 

few standard individual characters. Handwritten characters have been recognized using 

many other approaches like template matching, HMM, QDF etc. Template matching is a 

good approach for the standard fonts but a poor performer for the handwritten characters 

and huge data set. Developing a HMM to recognize handwritten characters has been 

found complex [84]. 

Dash T et al (2012) have applied the above technique with different ANN 

algorithms [52]. Dash T and Nayak (2012) T have developed an ANN having single 

output neuron which shows whether the tested character belongs to a particular cluster or 

not using ‗C‘ language and obtained an average accuracy of 70.32% [51]. Jindal A et al 

(2012) have worked on diagonal features and SVM Classifier to recognize handwritten 

Gurumukhi Characters [86]. Patel D K et al (2012) have worked on recognition of 
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handwritten Characters using multi resolution technique and Euclidean distance metric 

[142]. Singh P and Budhiraja S (2012) have worked on the recognition of offline 

handwritten Gurmukhi numerals using wavelet transforms and obtained an average 

accuracy of 88.8% [180]. Amritha S et al (2012) have worked on code based online 

handwritten character recognition for Malayalam script using back propagation neural 

networks [5]. Hamad and Husam A Al (2012) have worked on over segmentation of 

handwriting Arabic scripts using an efficient heuristic technique [72]. Sharma O P et al 

(2012) have worked on an improved zone based hybrid feature extraction model to 

recognize handwritten alphabets using Euler number [173]. Hallur V C et al (2012) have 

carried out a survey on handwritten and printed Kannada numeral recognition [71]. 

Amrouch M et al (2012) have worked on a method which uses sliding window based on 

the Hough transform as feature extraction technique. Dividing the image in two windows 

and determining the dominant direction based on the Hough transform, directional feature 

vector sequence has been formed. This method is based on based on continuous HMMs 

and directional features with an average accuracy of 90.4% [6]. Zawaideh F H (2012) has 

worked on recognition of Arabic handwritten characters using modified Multi-Neural 

Network where an accuracy of 67.43% is acquired [213]. 

Sahu V L and Kubde B (2013) have worked on a method using isolated English 

alphabets. In this method Diagonal feature extraction scheme has been used for 

recognizing the offline handwritten characters. In addition, efficient features such as 

Eigen value and mean value are also used which improves the accuracy. The accuracy is 

very good but this method has been applied mainly for the isolated characters [162]. Garg 

M and Ahuja D (2013) have proposed a modified Hough transformation technique and 

four view projection profiles technique to extract the features of numerals [68]. Using the 

modified Hough transformation technique, maximum accuracy of about 93.12% and 

72.5% has been achieved by SVM and MLP classifiers and an average accuracy of 90.1% 

has been obtained.   

 

3.3 Conclusion 

It has been observed that different researchers have worked on different methods 

during the seven decades and have proposed different methods for preprocessing, 
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segmentation, recognition and post processing. Different methods like labeling schema 

for syntactic description of the pictures, syntax directed interpretation of different classes 

of pictures, description and generation based, synthesis method have been used during the 

decade of sixties. Rules modification on the basis of experience, split and merge 

algorithm, syntactic pattern recognition by boundary approximation using polygons on 

the basis of concavity and adaptive threshold methods have been applied during 

seventies. Work on writing slant, structured segment matching, fuzzy set, statistical, time 

delay and sliding window have been carried out during eighties. Works on vast areas in 

this field have been carried out in nineties. During this period the works that have been 

carried out are based on principal component analysis, modular concept, thinning 

method, segmentation by analyzing stroke shapes, preprocessing, back propagation, 

morphological filtering, OCR, HMM, binarization, chain coding, recognition methods 

using Eigen values, post processing, weighted least squares to correct baseline skew, 

multiple directional feature extraction and cascade neural network. First decade of the 

21
st
 century has evidenced different works on the methods based on multi expert 

framework for character recognition, neuro-heuristic approach, HMM, OCR, feature 

extraction, genetic processing, MLP etc. The work that has been carried out during the 

current decade is based on diagonal based feature extraction, SVM classifier, fuzzy, 

probabilistic neural network, zone based method, and distribution based method, sliding 

window and Eigen value. Different types of work have been carried out in different 

scripts like English, Devanagri, Bangla, Gurmukhi, Tamil, Telgu, Chinese, Japanese, 

Kanji and Arabic. This work is an effort to generalize and enhance the performances of 

the previously carried out work by proposing simple ANNs.  



 

 
 

Chapter 4 

MATLAB Fundamentals

 

 

MATLAB (Matrix Laboratory) [150] is a high performance numerical computing 

environment and fourth generation programming language developed by Mathworks. It 

provides an interactive environment with loads of built in functions for matrix 

manipulation, technical computation, graphics and animation. Using MATLAB, 

mathematical computations can be easily performed. MATLAB can be used to analyze 

data, develop versatile range of applications and create models. Visualization as well as 

application development can also be performed using MATLAB. Interactive applications 

can also be developed using MATLAB. MATLAB is better than traditional applications 

like spreadsheets as well as programming languages because it provides advanced tools 

for the computational and graphical applications. It also provides built in functions for 

many applications, which need to be coded in traditional programming languages. 

MATLAB is used in wide range of applications like signal processing and 

communications, image and video processing, control systems, test and measurement, 

computational finance and computational biology. MATLAB is used by the researchers, 

scientists, engineers and academicians in industry, research centers and academic 

institutions for many applications like pattern recognition, signal processing etc. [156]. 

 

4.1Starting MATLAB 

Double clicking on the MATLAB icon, present on the desktop, a window appears 

as shown in Figure 4.1. 

The window consists of four panels as discussed below: 

 Current Folder – This panel is used to access the files. 

 Command Window – This panel is used to enter command at the command line. 

It consists of a prompt (>>), where commands can be entered. 

 Workspace – This panel is used to explore data that is created or imported from 

files. 
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 Command History – This panel is used to view or rerun commands that are 

entered at the command line. 

Commands can be issued at the command prompt. For example a variable can be 

created by just assigning a value to it. Variable ‗x‘ can be created as follows: 

>> x = 1; 

To display the value of ‗x‘, it can be simply typed at the command prompt as follows: 

>> x  

 

 

 

Figure 4.1: Opening Window of MATLAB 

 

On pressing Enter button following value is displayed: 

ans = 1 

Similarly, some simple operations can be performed as follows: 

Adding two numbers assigned to variables x and y, where the result is stored in 

another variable z. 

>> x = 2; 
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>> y = 3; 

>> z = x + y; 

>> z 

ans = 5 

Multiplying two numbers assigned to variables x and y, where the result is stored 

in another variable z1. 

>> z1 = x*y; 

>> z1 

ans = 6 

The ‗tan‘ of the value stored in variable z1 can calculated performing the 

following operation and the result can be stored in variable z2. 

>> z2 = tan(z1); 

>> z2 

ans = -0.2910 

Semicolon at the end of the command performs the computation but suppresses 

the display. Previous commands can be recalled by pressing up and down arrow keys 

either at an empty command line or after typing first few characters of a command. 

 

4.2 Matrices and Arrays in MATLAB 

Matrix Laboratory is abbreviated as MATLAB. MATLAB mainly performs 

operations on matrices and arrays. All the MATLAB variables are multidimensional 

arrays irrespective of the data type. A matrix is actually a two dimensional array [112]. 

Following are some examples of matrices with different dimensions in MATLAB. 

A = [2] is an example of a matrix of order 1 x 1.  

Similarly, B = [1 2] is an example of a matrix of order 1 x 2. 

C = [1 2; 3 4] is an example of a matrix of order 2 x 2. 

D = [1 2 3; 4 5 6; 7 8 9] is an example of a matrix of order 3 x 3. 

A matrix of order 3 x 3 can be created as follows in MATLAB. 

>> D = [1 2 3; 4 5 6; 7 8 9]; 

>> D 
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D = 

1 2 3 

4 5 6 

7 8 9 

Matrix can also be created by using functions like zeros, ones or rand. A matrix of 

order 3 x 3, with all ones, can be created as follows: 

>> Z = ones (3, 3) 

Z = 

1 1 1 

1 1 1 

1 1 1 

 

4.2.1 Matrix Operations 

Some of the operations performed on matrices are discussed below. 

 

4.2.1.1 Matrix Addition – Two matrices can be added as follows: 

>> A = [1 2; 3 4]; 

>> B = [5 6; 7 8]; 

>> C = A + B; 

>> C 

C = 

6 8 

10 12  

 

4.2.1.2 Matrix Multiplication – Two matrices can be multiplied as follows: 

>> D=A*B; 

>> D 

D = 

19    22 

43    50 
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4.2.1.3 Transpose - A single quote (‗) is used to transpose a matrix. 

>> D' 

ans = 

19    43 

22    50 

 

4.2.1.4 Concatenation – Two matrices can be joined to form a larger matrix. 

Concatenating matrices next to each other is called horizontal concatenation. For 

example, 

>> E = [C, D] 

E = 

6     8    19    22 

10    12    43    50 

The pair of square brackets [] is the concatenation operator. In horizontal 

concatenation each matrix must have same number of rows. Similarly, matrices having 

same number of columns can be concatenated vertically using semicolons. For example, 

>> F = [C; D] 

F = 

6     8 

10    12 

19    22 

43    50 

 

4.3 Programming in MATLAB 

Programming in MATLAB is now becoming popular among researchers, 

scientists and engineers because it is an easy to learn software and saves time [112]. Any 

application can be programmed in MATLAB and saved with ‘.m’ extension. A file with 

‘.m’ extension can be created in MATLAB as follows: 

>> edit filename.m 
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Typing the above lines opens the editor window where a program can be written. 

The program written above can be saved as ‘filename.m’ and executed as follows: 

>>filename 

 

4.3.1 Loops and Conditional Statements in MATLAB 

MATLAB provides different looping and conditional statements. Some of them 

are ‗for‘, ‗while‘, ‗if‘, ‗switch‘ etc [112]. 

 

4.3.1.1 For Loop 

To display first ten natural numbers using ‗for‘ loop, the code is written as given 

below: 

for i = 1:10 

i 

end 

 

4.3.1.2 While Loop 

To display first ten natural numbers using while loop, the code is written as given 

below: 

i=1; 

while (i<=10) 

i 

i = i + 1; 

end 

 

4.3.1.3 If Statement 

‗if‘ statement is used as follows: 

i=4; 

j=13; 

if (i>j) 

    'i is greater' 

else 
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    'j is greater' 

end 

 

4.3.1.4 Continue 

The continue statement passes control to the next iteration of the ‗for‘ loop or 

‗while‘ loop, without executing the remaining statements in the body of the loop. 

for i = 1:10 

if (rem(i,2)==1) 

continue 

end 

i 

end 

The above code displays only even numbers. The function ‗rem()‘ is used to find out the 

remainder of a number. 

 

4.3.1.5 Break 

The break statement is used for an early exit from a ‗for‘ loop or ‗while‘ loop. It 

can also be used in ‗switch‘ statements. Following example displays the searching of a 

particular element in an array. The control goes out of the loop using break after finding 

out the element. 

I = [6 7 3 8 9 3]; 

J=8; 

for i=1:6 

    if (I(i) = = J) 

        i 

        break; 

    end 

end 
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4.3.1.6 Switch 

The ‗switch‘ statement executes different chunks of statements based on the value 

of a variable or expression. Following example shows a grading system using switch case 

statement. 

percentage = 83; 

n = percentage/10; 

m=rem(percentage,10); 

class=n-m/10; 

class 

switch (class) 

    case 9 

        'A+' 

         break; 

    case 8 

        'A' 

        break; 

    case 7 

        'B' 

        break; 

    case 6 

        'C'  

        break; 

    case 5 

        'D' 

        break; 

otherwise 

    'Not Qualified' 

end 
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4.4 Functions 

Functions are the files in MATLAB that can accept input arguments and return 

output arguments. Different built-in functions, available in MATLAB, are used to 

perform different tasks in this work [150]. Some of the functions are discussed below: 

 

4.4.1 imread() Function – This function is used to read an image file, stored in a 

particular location. The following statement reads a ‗.bmp‘ file stored in the given 

location and stores it in matrix A. 

A=imread('D:\My PhD Work Final\PDGM\test samples1\a.bmp'); 

 

4.4.2 imwrite() Function – This function writes an image to a file in a specified format. 

The following statement writes the image A into the specified file stored in ‗.bmp‘ 

format. 

imwrite(A,'c:\aa.bmp'); 

 

4.4.3 image() Function – This function displays an image with vertical and horizontal 

scales. The following statement displays the image A with vertical and horizontal scales. 

image(A); 

 

4.4.4 imshow() Function – This function is used to display an image without vertical and 

horizontal scales. The following statement displays the image A without vertical and 

horizontal scales. 

imshow(A); 

 

4.4.5 rgb2gray() Function – This function is used to convert an image file present in 

‗rgb‘ form into its equivalent grayscale form.  

The following statement converts a ‗rgb‘ file stored in matrix A into grayscale 

and stores the grayscale form in matrix A. 

A=rgb2gray(A); 
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4.4.6 dither() Function – This function is used to convert an image file present in 

‗grayscale‘ form into its equivalent ‗binary‘ form. The following statement converts a 

‗grayscale‘ file stored in matrix A into ‗binary‘ and stores the ‗binary‘ form in matrix A. 

A=dither(A); 

 

4.4.7 imresize() Function – This function is used to resize a matrix of any order into any 

other order. The following resizes the matrix A of a particular order into a dimension of 

order 80 x 80. 

A = imresize(A,[80 80]); 

 

4.4.8 rem() Function – This function is used to find out the remainder of a number. The 

following example finds out the remainder of a number and stores it in a variable. 

k = rem(i,2); 

 

4.5 Designing Interfaces in MATLAB 

Interfaces can also be designed in MATLAB. The steps to create interfaces in 

MATLAB are given below: 

STEP 1. Double click on the MATLAB icon given on the desktop. 

STEP 2. Click on file menu. 

STEP 3. A drop down menu will appear. Click on new. 

STEP 4. A sub menu will appear. Click on ‗GUI‘ menu. 

STEP 5. A window will appear having two tabs. ‗Create New GUI‘ and ‗Open Existing 

GUI‘. 

STEPS 6. In order to open an existing GUI, click on the tab ‗Open Existing GUI‘ and 

chose the file. 

STEP 7. In order to design a new interface, on the window having ‗Create New GUI‘ tab, 

which is already clicked and have four ‗GUIDE template‘ options, where ‗BLANK GUI 

(Default)‘ is already selected, click on ok. 

STEP 8. Following window will appear with left and right panel. Left panel shows the 

tools required to design the interface and right panel is used to design the interface. 
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Figure 4.2 displays the Graphical User Interface of MATLAB. 

 

 

 

Figure 4.2: Graphical User Interface of MATLAB 

 

4.6 Conclusion 

  MATLAB is an excellent programming language with rich sets of tools to carry 

out effective work. Different types of numerical computations including matrix 

manipulation can be done with ease using this software. MATLAB provides an 

interactive environment with a number of built-in functions. Different applications like 

data analysis, visualization as well as application development can be done using 

MATLAB.  



 

 
 

Chapter 5 

Preprocessing of Handwritten Character Input Matrix 

 

 

Preprocessing of input is necessary for the proper identification of the text data. 

Initially a paragraph of handwritten text has been taken as input and identified by the 

Artificial Neural Network (ANN) model after proper segmentation of characters. 

 Scanned image matrix of the text, obtained from a high definition scanner, is 

used as input for segmentation of characters. This image matrix is saved in a picture 

format (.bmp or .png). Proper preprocessing of this data is required before segmentation.  

    Input image of the text is converted into a binary matrix. The 1s present in the 

binary matrix are used to represent the part of the image whereas 0s are used to represent 

the blank spaces.  After extraction, each character binary matrix is converted into one 

dimensional pattern vector and is presented to the ANN for training and testing purposes. 

The number of elements in the vector represents the number of neurons in the input layer 

of the ANN.  

The binary matrix eventually formed from the character image is actually very 

large in size which makes the ANN very large and complicated. In order to simplify the 

circuit, the large two dimensional binary matrixes are compressed into smaller sized 

matrixes. A compression algorithm has also been designed to compress the large sized 

matrix into a smaller sized matrix. This compression algorithm has been designed in such 

a way that the originality of the image is preserved.  

The main preprocessing of the data, after scanning the text, is noise removal.   

Other techniques like binarization, matrix compression, reference line estimation and 

image thinning [190] are applied at proper phases. 

 

5.1 Noise Removal 

Noise removal is a process where unwanted pixels in the texts are removed by 

applying some methods. In this work very little noise has been found in the text 

characters because a high definition scanner is used to scan the text samples. Meager 
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noise has been found in the individual characters after segmentation process, like 

unwanted curve or dots present in the characters. Noise has been removed by applying 

simple methods like removal of isolated and unwanted dots which are not found near the 

characters and reduction of unwanted curves as shown in Figure 5.1. In case of 

digitization of deteriorated old documents noise removal is very significant because 

deterioration marks creates lot of unwanted pixels on the documents. 

 

  

 

Figure 5.1: Removal of Isolated Dots and Extra Curve 

 

5.2 Binarization 

A text image has been scanned and saved in picture format. The image is 

converted into grayscale image, where the pixel density value lies between 0 and 255. 

Converting the grayscale image into a binary matrix makes the processing simple. The 

gray values can be converted into binary values by using thresholds. The binary value ‗0‘ 

is used for white pixel and ‗1‘ is used for the black pixel. The process of converting any 

image format into binary format is called binarization. Thresholds can be used locally or 

globally. In case of global threshold, one threshold value is used for the entire document 

image, based on an estimation of the background intensity level with that of the image 

using an intensity histogram [45]. Local or adaptive thresholds use different values for 

each pixel based on local area information [165]. Local thresholds are commonly used in 

images of varying intensities levels like satellite images. For the handwritten images 

global thresholds are used. 

 

5.2.1 Converting the Character Image 

In this work, the text is written on a piece of paper using black ball point 

pen/marker and scanned using a high definition scanner. The captured or scanned images 

Isolated Dot 

Extra Curve 
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are in RGB scale, which are converted into grayscale format and later into binary for 

further processing. The binarization of image matrix has been carried out by the 

‗functions‘ provided by the MATLAB software. The ‗functions‘ used to convert RGB to 

grayscale and grayscale into binary are rgb2gray() and dither() respectively. Using 

segmentation methods as developed and discussed in Chapter 6, single characters are 

extracted out of the text and enclosed within a rectangular boundary forming a two 

dimensional binary or bivalent matrix. The two dimensional matrix is further compressed 

to form a matrix of lower order using a compression algorithm developed in this work. 

Compression of the image reduces the number of elements in the matrix and makes the 

network smaller and simple. The two dimensional matrix is converted into a linear 

vector. All the 0s of the vectors are replaced by –1s for better learning. Using, 0s takes 

more epochs (iterations) and sometimes makes learning infinite because multiplying by 0 

in the weight modification formula makes the weight stable. 

 

5.3 Matrix Compression   

The two-dimensional image matrixes, initially obtained, are very large in size. For a 

large vector it becomes very difficult to form an ANN, as numerous neurons are required. 

The developed compression algorithm compresses the large matrix into a smaller one 

without losing   significant information.  Character image matrix can also be compressed 

into smaller one by using the function imresize() provided by  MATLAB.  

 

5.3.1 Developed Compression Algorithm


   

A matrix can be compressed into a matrix of lower dimension in order to reduce 

the non significant elements i.e. unused spaces of the matrix. Character matrix ‗A‘ has 

been compressed into a matrix ‗A_COM‘ by using the Algorithm 5.1. Character Matrix 

‗A‘ has been split into ‗n‘ uniform blocks. The dimension of each block ‗A_BLOCKi‘ is 

‗m x m‘. 

  

                                                           
 Based on author’s Publication no 7 [Appendix B] 
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Algorithm 5.1 (Compression): Compression of a higher dimension matrix into a 

lower dimension matrix 

STEP1. Read Character Matrix ‗A‘. 

 

STEP2. Split ‗A‘ into ‗n‘ uniform blocks, where ‗A_BLOCKi‘ is the i
th

 block of ‗A‘. 

 

1. STEP3. For i = 1 to n, 

2. A_ COMi= Ф(A_BLOCKi)   

End of Step 3 Loop 

[Where, ‗A_ COMi‘ is the i
th

 element of the compressed matrix ‗A_COM‘.] 

Ф(A_BLOCKi) = 1,  

if there exists  at least one element  in ‗A_BLOCKi‘ which is 1 

Ф(A_BLOCKi) = -1,   

if all the elements of ‗A_BLOCKi‗are -1 

 

STEP 4. STOP. 

Example 1. Given matrix ‗A‘ of size ‗4 x 4‘ 

 

A = 

1 1 -1 -1 

1 -1 -1 -1 

-1 1 1 -1 

-1 -1 -1 -1 

 

Matrix ‗A‘ can be split into 4 uniform blocks of dimension ‗2 x 2‘ each. 
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A_BLOCK1 = 
1 1 

1 -1 

 

 

 

A_BLOCK3 = 
-1 1 

-1 -1 

    

Applying Algorithm 5.1 following compressed matrix has been obtained (Figure 5.2). 

 

A_COM = 
1 -1 

1 1 

 

     #     

    #  #    

   #    #   

  #      #  

 #        # 

#         # 

# # # # # # # # # # 

#         # 

#         # 

#         # 

 

Figure 5.2: Conversion of Character ‘A’ from 10 x 10 into 5 x 5 

 

In the same way, binary matrix of dimension ‗80 x 80‘ is compressed into a binary 

matrix of dimension ‗10 x 10‘ considering 100 uniform blocks of dimension ‗8 x 8‘ each. 

 

  

A_BLOCK2 = 
-1 -1 

-1 -1 

A_BLOCK4 = 
1 -1 

-1 -1 

  # #  

 #  # # 

# # # # # 

#    # 

#    # 
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Figure 5.3 represents character ‗A‘ using a two dimensional matrix of order ‗10 x 

10‘ which is converted into a two dimensional matrix of order ‗5 x 5‘.  

 

# # # # # # # # #  

#         # 

#         # 

#         #  

#         # 

# # # # # # # # #  

#        #  

#         # 

#         # 

# # # # # # # # #  

  

Figure 5.3: Conversion of Character ‘B’ from 10 x 10 into 5 x 5 

 

 

 

 

 

 

 

 

Figure 5.4: Conversion of Character ‘C’ from 10 x 

10 into 5 x 5 

 

It can be observed that the originality of the matrix has been retained to a great 

extent after using the compression algorithm. Similarly, the characters ‗B‘, ‗C‘, ‗D‘ and 

‗E‘ are compressed using the same algorithm as shown in the Figure 5.3, 5.4, 5.5 and 5.6. 
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# # # # # # #    

#       #   

#        #  

#         # 

#         # 

#         # 

#         # 

#        #  

#       #   

# # # # # # #    

 

 

Figure 5.5: Conversion of Character ‘D’ from 10 x 10 into 5 x 5 

 

 

 

 

 

 

 

 

 

Figure 5.6: Conversion of Character ‘E’ from 10 x 10 into 5 x 5 

 

5.4 Thinning 

Image thinning is a process where the thick line of the character is reduced by 

removing pixels from the edges by maintaining the connectivity and keeping in mind that 

the thin shaped limbs of the character must not be shortened [190]. Here, a thinning 

process has been applied where the pixels are removed from the edges of the characters. 

Thinning process reduces the number of black pixels present in the character and makes 

the net simple. 
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5.5 Reference Line Estimation 

This is another preprocessing technique which is helpful in determining the 

features in a text [190].  In this work lower baselines of the words are located to segment 

the characters by drifting upwards to find the first black pixel. 

  

5.6 Conclusion 

Preprocessing of input vector is significant in order to identify the text data. 

Preprocessing makes the input vector simple to process. It also makes the ANN simple.  

Various preprocessing techniques like noise removal, binarization, matrix compression, 

reference line estimation and image thinning are discussed. Noise removal removes the 

unwanted pixels from the image matrix. Binarization is the process of converting text 

image into binary vector. Matrix compression converts a matrix into lower order without 

losing major information. Reference line estimation is used to locate the baselines. 

Finally, image thinning reduces the thickness of the line of the character image.   



 

 
 

Chapter 6 

Development of Character Segmentation Techniques 

 

 

 To recognize a word or a sentence it is necessary to recognize each alphabet 

individually and so segmentation of the handwritten characters of the text must be done 

accurately. The proper segmentation of the characters from the text directly puts an 

impact on the success of the handwriting recognition method. This dilemma is known as 

chicken-egg relationship [99]. The easiest way to segment out the characters is to identify 

the gaps present between the characters and this is well and good for those handwriting 

styles which contains isolated characters and printed text [107]. Extraction of individual 

characters in fused and joined handwritten text [14] does not follow this method. It is a 

challenging task, because different individuals have different handwriting styles.  

In cursive type of handwriting, it is too difficult to find the boundary between two 

consecutive characters. The problem of joined characters arises in many non English 

regional scripts like Gurmukhi [174, 14 and 102], Urdu and Bengali [137]. Joined 

handwriting characters may be written using one or more strokes [192]. This may create 

ambiguities while segmentation which is known as character-within-character problem. 

For example, the character ‗d‘ can sometimes be recognized as ‗cl‘, if written in separate 

strokes. Actually, character segmentation is a different field of research and lot of work 

has already been carried out in this field. Still, many researchers are presently working in 

this field to achieve maximum efficiency.  

 Two character segmentation methods i) Slider Drifting Method (SDM) and ii) 

Baseline Pixel Burst Method (BPBM) has been developed and presented here. The first 

method is quite simple. It has been developed to extract lines from the text, words from 

the lines and finally characters from the words.  The method has been designed to extract 

out isolated characters having gaps in between the characters. The second method 

extracts out characters from isolated as well as cursive and joined type of handwritings 

efficiently. 
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6.1 Extraction of English Alphabets from Words and Sentences Using 

Slider Drifting Method (SDM) 

In order to recognize handwritten characters, it is very important to extract out 

single characters from the word/sentence. The approach is to extract out individual 

characters, by forming a rectangular border around the word or the sentence and drifting 

a vertical slider from the beginning of the word or sentence towards the end of the text, to 

find out the alphabet delimiters and enclose the characters within the box.  

Slider Drifting Method (SDM) is one type of gap finding method. Gaps are found 

between words and sentences by using a vertical slider which is nothing but a virtual 

column of white pixels. The number of white pixels in the slider is equal to the height of 

the contour. Height of the contour is number of pixels present in any column of the 

character enclosed inside the contour. 

The overall method has been divided into two parts. The first part forms a 

boundary tightly enclosing the sentence to be segmented out. The second part extracts out 

individual characters from the sentence. 

 

6.1.1 Methodology of SDM  

A sentence has been written on a piece of A4 size paper using a black marker. 

The sentence has been scanned using a high definition scanner as shown in Figure 6.1. 

The scanned sentence can be enclosed within a rectangular boundary by using a contour 

tracing method [15]. A contour is a rectangular boundary enclosing the paragraph image. 

Here a contour tracing method has been developed as given in Algorithm 6.1. This 

method has been tested with a sentence having disjoint characters and then with a 

sentence having joined and fused characters. 

 

 

 

Figure 6.1: Scanned Sentence 
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Algorithm 6.1(Text_Encage): Encaging the Sentence in a Rectangle with the Image 

Fit to Boundaries 

STEP 1. Read image matrix ‗A‘. 

 

STEP 2. Initialize the variable ‗j‘ to 1. [Where, ‗j‘ is the location of the first column from  

the left touching the sentence boundary.] 

 

STEP 3. Initialize the variable ‗counter‘ to ‗n‘. [Where, ‗n‘ is number of rows in the  

matrix.] 

 

STEP 4. Repeat while counter is equal to n: 

 Initialize the variable ‗counter‘ to 0. 

 Initialize the variable ‗i‘ to 1. 

 Repeat while ‗i‘ less than equal to n: 

 If A(i, j) equals 0 [Where, 0 indicates the white pixel.] 

 Increment ‗counter‘ by 1. 

 End of If  

 End of while 

 If counter equals ‗n‘ 

 Increment ‗j‘ by 1. 

 End of If 

 End of Step 4 loop 

 

STEP 5. Set matrix ‗B1‘=A(1 to n, j to m). [Where, the variable ‗m‘ represents the  

number of columns in the image matrix.] 

 

STEP 6. Initialize the variable ‗k‘ to ‗m‘. [Where, ‗k‘ is the location of the last column  

from the right touching the sentence boundary.] 

 

STEP 7. Initialize ‗counter‘ to ‗n‘. 
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STEP 8. Repeat while ‗counter‘ is equal to ‗n‘: 

 Initialize ‗counter‘ to 0. 

 Initialize ‗i‘ to 1. 

 Repeat while ‗i‘ is less than equal to ‗n‘: 

 If A(i,k) is equal to 0 [Where, 0 indicates white pixel.] 

 Increment counter by 1. 

 End of If 

 End of while 

 If ‗counter‘ equals ‗n‘ 

 Decrement ‗k‘ by 1. 

 End of If 

 End of Step 8 loop 

 

STEP 9. Set matrix ‗B2‘ = A(l to n, j to k). 

 

STEP 10. Initialize the variable ‗l‘ to 1. [Where, ‗l‘ is the location of the first row from  

the top touching the sentence boundary.] 

 

STEP 11. Initialize ‗counter‘ to ‗m‘. 

 

STEP 12. Repeat while ‗counter‘ is equal to ‗m‘: 

 Initialize ‗counter‘ to 0. 

 Initialize ‗i‘ to 1. 

 Repeat while ‗i‘ is less than equal to m: 

 If A(l, i) equals to 0 [Where 0 indicates white pixel.] 

 Increment ‗counter‘ by 1. 

 End of If 

 End of while 

 If ‗counter‘ equals ‗m‘ 

 Increment ‗l‘ by 1. 

 End of If 
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 End of Step 12 loop 

 

STEP 13. Set matrix ‗B3‘ = A(1 to n, j to k). 

 

STEP 14. Initialize the variable ‗p‘ to ‗n‘. [Where, ‗p‘ is the location of the last row from  

the bottom touching the sentence boundary.] 

 

STEP 15. Initialize ‗counter‘ to ‗m‘. 

 

STEP 16. Repeat while ‗counter‘ is equal to ‗m‘: 

 Initialize ‗counter‘ to 0. 

 Initialize ‗i‘ to 1. 

 Repeat while ‗i‘ is less than equal to ‗m‘: 

 If A(p,i) equal to 0, where 0 indicates white pixel 

 Increment ‗counter‘ by 1. 

 End of If 

 End of while 

 If ‗counter‘ equals ‗m‘ 

 Decrement ‗p‘ by 1. 

 End of If 

 End of Step 16 loop 

 

STEP 17. Set matrix ‗B4‘ = A(1 to p, j to k). 

 

STEP 18. STOP. 

 

Matrix ‗B4‘ represents the final image matrix en-caging the sentence, fit to 

boundaries as shown in Figure 6.2. It can be observed that the initially scanned image 

matrix is en-caged in a rectangular box which consists of unwanted space other than the 

text. 
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Figure 6.2: Image obtained after Applying Algorithm ‘Text_Encage’ 

 

Algorithm 6.1 has been used to remove the unwanted space and enclose the text 

in exactly inside a rectangle. The rectangle boundaries touch the edges of the largest 

character, reducing the unwanted white area. Algorithm 6.2 has been applied to extract 

out individual characters as shown in Figure 6.3. 

 

Algorithm 6.2(Extract_Alphabet): Slider Drifting Algorithm to Extract out 

Alphabets from the Sentences 

STEP 1. Initialize the variables ‗k‘ to 1 and ‗sk‘ to ‗j‘. [Where, ‗sk‘ locates the column  

representing the alphabet delimiter and j is the starting location from where the 

column starts drifting in order to find out the alphabet delimiter.] 

 

STEP 2. Initialize ‗counter‘ to 0. 

 

STEP 3. Repeat while ‗counter‘ is not equal to ‗n‘: [Where, ‗n‘ is the number of rows in  

the image matrix encapsulating the sentence.] 

 

STEP 4. Initialize ‗counter‘ to 0. 

 

STEP 5. Initialize ‗i‘ to 1. 

 

STEP 6. Repeat while ‗i‘ is not equal to ‗n‘: 
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STEP 7. If A(i, sk) equals 0 

  ‗counter‘  =  ‗counter‘ + 1. 

  End of If 

  End of Step 6 loop 

 

  If ‗counter‘ is not equal to ‗n‘ 

  ‗sk‘ = ‗sk‘ + 1 

  End of If 

End of Step 3 loop 

 

STEP 8. Set ‗sk‘= A(1 to m, j to sk-1). [Where, matrix ‗sk‘ encages the first alphabet of the  

sentence matrix.] 

 

STEP 9. Assign ‗s_gap‘ to ‗sk‘. [Where, ‗s_gap‘ locates the gap between two alphabets in  

the sentence.] 

 

STEP 10. Initialize ‗counter‘ to ‗n‘. 

 

STEP 11. Repeat while ‗counter‘ is equal to ‗n‘: 

 

STEP 12. Initialize ‗counter‘ to 0. 

 

STEP 13. Initialize ‗i‘ to 1. 

 

STEP 14. Repeat while ‗i‘ is not equal to ‗n‘: 

 

STEP 15. If A(i,s_gap) equals 1 

  ‗counter‘  =  ‗counter‘ + 1 

  End of If 

End of Step 14 loop 
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STEP 16. If ‗counter‘ equals ‗n‘ 

 ‗s_gap‘ = ‗s_gap‘ + 1 

 End of If 

End of Step 11 loop 

 

STEP 17. Assign ‗sk‘+1 to ‗s_gap‘. [Where, ‗sk‘+1 is the starting position of the next  

alphabet in the sentence.] 

 

STEP 18. Test stopping condition: [Where, stopping condition is the length if the  

sentence] 

If stopping condition is false go to Step 1. 

 

STEP 19. STOP. 

 

The column which finds out the alphabet delimiter is treated as a vertical slider that is 

why this method is named as Slider Drifting Method (SDM). 

 

 

  

 

 

 

Figure 6.3: Image Obtained after Applying Algorithm ‘Extract_Alphabets’ 

 

It can be observed that Algorithm 6.2 finds out the delimiters of the characters by 

using a vertical slider as shown in Figure 6.3. Algorithm 6.1 has been applied to the 

individual characters to remove the extra space created above the small sized characters 

and en-cage the characters to fit into the boxes touching the character boundaries as 

shown in Figure 6.4. 
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Figure 6.4: Image of Individual Characters Obtained after Applying Algorithm 

‘Text_Encage’ 

 

The image matrix formed for different characters are of different sizes. Already 

existing function in the MATLAB software can be used to resize the images of different 

sizes to some standard sized matrix. The standard sized matrix images have been used for 

the training purpose and presented to the net. 

 

6.1.2 Performance Analysis of SDM 

It has been found that the method is very efficient to extract out the characters 

from the sentences which consists of disjoint characters. A sentence which consists of 

fourteen disjoint alphabets has been considered to test the performance of SDM. It has 

been found that this method successfully extracted out all the alphabets. The accuracy of 

the method to test the presented text has been found 100%. A sentence extracted out of a 

paragraph containing joined and fused characters has been presented to SDM. SDM 

extracts out the joined characters as individual characters as shown in Figure 6.5. To 

overcome this situation Baseline Pixel Burst Method (BPBM) has been developed and 

presented in the next section. 

 

 

 

Figure 6.5: A Sentence having few Joined Characters 
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6.2 Handwritten English Character Segmentation by Baseline Pixel 

Burst Method (BPBM) 

Baseline Pixel Burst Method (BPBM) is a character segmentation approach where 

a paragraph has been taken from an individual whose handwriting consists of both 

isolated and joined characters. For the isolated ones the segmentation has been done very 

easily by identifying the gaps between characters but it becomes cumbersome to segment 

out joined characters as there is no standard method to segment out characters from the 

joined words. The method developed and used here actually draws baselines on various 

rows of the image word matrix whereas vertical lines try to find out character boundaries 

by analyzing the densities of the pixels near the baselines.  

Some sort of preprocessing may be required before and after segmentation of the 

characters in order to remove or reduce the ambiguities. The approach is to simplify the 

method by segmenting as many as characters by applying a suitable gap finding 

procedure and to try the joined ones.  

BPBM is an approach where the joined and fused characters can be segmented by 

drawing baselines at different rows of the word or part of the word image matrix 

containing joined characters and analyzing baseline pixel densities to find out the 

locations on the baselines, where a vertical line can be drawn to extract out the single 

characters.  

The overall method has divided into five phases. Paragraph, containing the text to 

be segmented out has been obtained and converted into a two dimensional binary matrix 

in Phase I. Paragraph has been segmented into separate lines of text in Phase II. Lines 

have been segmented into separate words in Phase III. A suitable gap finding method has 

been used to extract out the isolated characters as well as chunks of words containing 

joined characters in Phase IV. Joined characters have been extracted out finally, in Phase 

V. Figure 6.6 shows the conceptual diagram of BPBM. 

  

                                                           
 Based on author’s Publication no. 14 [Appendix B] 
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Figure 6.6: Conceptual Diagram of BPBM 

 

6.2.1 Phase I - Preparing the Input 

A high definition scanner has been used to scan a handwritten paragraph, initially. 

The paragraph shown in Figure 6.7 has been converted into a two dimensional binary 

image matrix.  

 

 

 

 

Figure 6.7: Initial Paragraph 

  

PARAGRAPH 

LINES 

WORDS 

CHARACTERS AND CHUNKS 

CHARACTERS  
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The contour tracing method used in SDM has been used here to enclose the text 

paragraph within a rectangular boundary. 

 

6.2.2 Phase II - Segmentation of the Lines from a Text Paragraph 

The binary paragraph image matrix obtained in phase I has been considered for 

the segmentation of lines. Algorithm 6.3 extracts the lines from the paragraph. Figure 6.8 

shows one such line. The process repeats till the end of the paragraph, extracting out all 

the lines of the paragraph. 

 

Algorithm 6.3 (Segment_Line): Segmentation of Lines from a Text Paragraph 

STEP 1. Read the paragraph image stored in bmp format. 

 

STEP 2. Convert the bmp format of the image to a two dimensional binary matrix. 

 

 

Figure 6.8: First Line of the Paragraph 

 

STEP 3. Initialize ‗i‘ to 1 and ‗counter‘ to l. [Where, ‗i‘, represents the location of the  

current row of the matrix and l is the number of columns in the matrix.] 

 

STEP 4. Repeat Steps 5 to 8, while ‗counter‘ is equal to l: 

 

     STEP 5. Initialize ‗counter‘ to 0. 

 

STEP 6. Repeat Step 7, for ‗j‘ = ‗l‘ to 1. [Where, ‗j‘ represents the location of the  

column of the matrix.] 
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       STEP 7. If P[i,j] is equal to 1 

          Increment ‗counter‘ by 1. 

        End of If 

     End of Step 6 loop 

 

 STEP 8. If ‗counter‘ is equal to l 

      Increment ‗i‘ to 1. 

      End of If 

End of Step 4 loop 

 

STEP 9. Set the variable ‗s‘ equal to ‗i‘. [Where, ‗s‘ is the beginning of the first pixel of  

the line found from the top of the line.] 

 

STEP 10. Set ‗counter‘ to 0. 

 

STEP 11. Repeat Steps 12 to 15, while ‗counter‘ is not equal to l: 

      

STEP 12. Initialize ‗counter‘ to 0. 

 

STEP 13. Repeat Step 14, for ‗j‘ = ‗l‘ to 1. [Where, ‗j‘ represents the  

location of the column of the matrix.] 

 

       STEP 14. If P[i,j] is equal to 1 

          Increment ‗counter‘ by 1 

        End of If 

     End of Step 13 loop 

 

 STEP 15. If ‗counter‘ is not equal to l 

      Increment ‗i‘ to 1. 

      End of If 

End of Step 11 loop 
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STEP 16. Set the variable ‗e‘ equal to ‗i‘- 1. [Where, ‗e‘ is the end pixel of the first line  

of the paragraph] 

 

STEP 17. Set the matrix ‗P1‘ equal to P[s: e, 1: l]. [Where, ‗P‘ is the matrix representing  

the paragraph, ‗P1‘ is the matrix representing the first line.] 

 

STEP 18. Repeat Steps 1 to 17 for all the lines in the paragraph. 

 

STEP 19. STOP. 

 

6.2.3 Phase III - Segmentation of the Words from the Lines of the Text Paragraph 

 

The lines obtained in phase II has been considered for the segmentation of words. 

 

   
  

 

 
  

 

   
 

 

 
    

 

Figure 6.9: Segmented Words from the Lines of the Paragraph 
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Algorithm 6.4 extracts the words as shown in Figure 6.9, from the lines of the 

paragraph  

 

Algorithm 6.4 (Segment_Word): Segmentation of the Words from the Lines of the 

Text Paragraph 

STEP 1. Repeat Steps 2 to 14 for all the lines in the paragraph: 

 

STEP 2. Initialize ‗j‘ to 1 and ‗counter‘ to ‗wk‘. [Where, ‗j‘ is the location of the  

current column of the line and ‗wk‘ is the width of the line ‗k‘ of the 

paragraph.] 

 

STEP 3. Repeat Steps 4 and 5 while ‗counter‘ is equal to ‗wk‘: 

 

STEP 4. Repeat Step 5 for ‗i‘ = 1 to ‗wk‘:  [Where, ‗i‘ is the location of  

the row of the line.] 

 

STEP 5. Set ‗counter‘ to zero. 

If Pk[i,j] is equal to 1 [Where, Pk[i,j] is matrix element of  

i
th

 row and j
th

 column of k
th

 line]  

            Increment ‗counter‘ to 1. 

          End of If 

      End of Step 4 loop 

   

If counter is equal to wk 

      Increment j to 1 

      End of If 

     End of Step 3 loop 

 

STEP 6. Initialize the variable ‗sw‘ to ‗j‘. [Where, ‗sw‘ is the start of the word of  

the line.] 
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Initialize ‗counter‘ to 0 and ‗gap‘ to 0. [Where, ‗gap‘ is the parameter 

measuring the ‗gap‘ between the words which also decides the end of the 

word] 

 

STEP 7. Repeat Steps 8, 9, 10, 11 and 12 while ‗gap‘ is not equal  

to 3: [Where, value 3 is taken at random] 

 

      STEP 8. Repeat Step 9, 10 and 11, while ‗counter‘ is not equal to  

  ‗wk‘: 

           Set ‗counter‘ to 0. 

 

          STEP 9. Repeat Step 10 for ‗i‘ = 1 to ‗wk‘. 

 

             STEP 10. If Pk[i,j] is equal to 1 

              Increment ‗counter‘ to 1. 

              End of If. 

           

End of Step 9 Loop. 

 

          STEP 11. If ‗counter‘ is not equal to ‗wk‘ 

           Increment ‗j‘ to 1. 

           End of If. 

      End of Step 8 loop 

 

      STEP 12. Set ‗counter‘ to 0. 

       Increment ‗gap‘ to 1 

End of step 7 loop 

 

STEP 13. Set ‗ew‘ to ‗j‘-‗gap‘. [Where, ‗ew‘ is the location of the end of the  

     word.] 
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STEP 14. Set ‗WDm‘ = Pk[1:w1,sw:ew]. [Where, ‗WDm‘  is the mth word] 

 

STEP 15. STOP. 

 

6.2.4. Phase IV - Segmentation of the Isolated Characters and Chunks from the 

Words of the Lines 

The words obtained in phase III has been considered for the segmentation of 

isolated characters and the chunks containing more than one characters joined together 

and which appear as a single character. These words are presented to Algorithm 6.5 and 

the result is shown in Figure 6.10. 

 

Algorithm 6.5 (Segment_Chunk): Segmentation of the Isolated Characters and 

Chunks from the Words present in the Lines 

STEP 1. Initialize ‗j‘ to 1 and ‗counter‘ to ‗w1‘. [Where, ‗j‘ is the current location of the  

column and ‗w1‘ is the number of rows in the matrix containing the current word.] 

 

STEP 2. Repeat Steps 3, 4, 5 and 6 while ‗counter‘ is equal to ‗w1‘: 

 

STEP 3. Set ‗counter‘ to 0. 

 

STEP 4. Repeat Step 5 for ‗i‘=1 to ‗w1‘ 

 

Step 5. If P1[i,j] is equal to 1 

  Increment ‗counter‘ to 1. 

  End If 

End of Step 4 loop  

 

STEP 6. If ‗counter‘ is equal to ‗w1‘ 

 Increment ‗j‘ to 1. 

 End If 

End of Step 2 loop 
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STEP 7. Set ‗sc‘ to ‗j‘. [Where, ‗sc‘ is the start of the character and ‗j‘ is the current  

location of the column from where the character starts.] 

 

STEP 8. Set ‗counter‘ to 0. 

 

STEP 9. Repeat Steps 10, 11, 12 and 13 while ‗counter‘ is not equal to ‗w1‘: 

 

STEP 10. Set ‗counter‘ to 0. 

 

STEP 11. Repeat Step 12 for ‗i‘ = 1 to ‗w1‘: 

 

 
    

  
 

 
 

 

 

 

 

- - 

 
    

- - - 

   
 

 
 

- - 

 

Figure 6.10: Segmented Chunks from Different Words of the Paragraph 

 

STEP 12. If P1[i,j] is equal to 1 

 Increment ‗counter‘ to 1. 

 End If 

End of Step 11 loop  



Chapter 6       Development of Character Segmentation Techniques 

91 
 

STEP 13. If ‗counter‘ is not equal to ‗w1‘ 

 Increment ‗j‘ to 1. 

End If 

End of Step 9 loop 

 

STEP 14. Set ‗ec‘ to ‗j‘-1 [Where, ‗ec‘ is the end of the character.] 

 

STEP 15. Set matrix ‗C1‘ = P1[1:w1,sc:ec] [Where, C1  is the matrix which represents the  

first segmented character.] 

 

STEP 16. STOP. 

 

6.2.5. Phase V - Segmentation of the Characters from the Chunks which appear as 

Characters 

The chunks and words obtained in phase IV have been considered for the 

segmentation of the individual characters.  Algorithm 6.6 breaks the chunks and words 

into individual characters as shown in Figure 6.11. 

Figure 6.12, represents the extraction of single characters from a chunk of three 

joined characters using Algorithm 6.6. 

 

Algorithm 6.6 (Segment_Character): Segmentation of the Characters from the 

joined words which appear as Characters 

STEP 1. Read the portion of the word, having joined characters, as a two dimensional  

Matrix. 

 

STEP 2. Repeat Steps 3 to 14, for all the characters or chunks, present in the matrix. 

  

STEP 3. Drift upwards, starting from the bottom row of the matrix, taking one row at a  

time, stop at the location, where, the row finds its first black pixel and draw a  

horizontal baseline at that location and store the location using a variable. 
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STEP 4. Drift towards the rightmost position, starting from the leftmost column taking  

one column at a time, stop at the location, where the column finds its first black 

pixel and draw a vertical solid line on that location and store the location using a 

variable. [Where, vertical solid line shows the beginning of the character.] 

 

STEP 5. Drift towards the rightmost position, starting from the current location of the  

solid line, taking one column at a time, stop at the location, where the column 

finds a single burst of black pixels near the baseline and draw a vertical line at 

that location and store the location using a variable. [Where, vertical line may be 

the end of the character. While drifting towards rightmost position, the succeeding 

columns, show bursts of black pixels, showing the presence of the character 

image, the end of the character image shows the pixel burst only at the joint which 

is mostly found near the baseline.] 

 

STEP 6. Draw a dotted line with end points at the middle of the starting and ending lines  

of the suspected character. 

 

STEP 7. If numbers of bursts of black pixels on the dotted line is greater than 1, then  

convert the vertical line into a solid line and go to step 12 else go to Step 8. 

[Where, the character may be ‗i‘ or a portion of ‗u‘, ‗w‘, ‗y‘ or ‗v‘.] 

 

STEP 8. Drift downwards from the current location of the upper horizontal line, stop at  

the first black pixel and draw another horizontal line at that location, with end 

points at the starting and ending position of the character under observation. 

 

STEP 9. Drift downwards from the current location of the horizontal line, stop at the  

location having no black pixel on the horizontal line and draw another horizontal  

line at that location. 

 

STEP 10. Drift downwards from the current location of the horizontal line, stop at the  
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first black pixel and draw another horizontal line at that location. [Where, Steps 8, 

9 and 10 show the presence of character ‗i‘ or ‗j‘.] 

 

       

 

      

 

 

 
   

 

 

  

 

 
   

 

 
 

   
 

 

 

  

    
 

 
 

 

    
 

   

      
  

 

Figure 6.11: Segmented Characters from the Different Joined Chunks which 

Appears as Characters 

  

STEP 11. If Steps 8, 9 and 10 are met then convert the vertical line ending at the  

character having single burst of pixel into a solid line else go to Step 4. 
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STEP 12. Start from the current location and repeat Step 3 to find the starting location of  

the next character. Draw a solid line on that location. 

  

STEP 13. Start from the current location and repeat Step 4 to find the end of the next  

character and draw a solid line on that location 

 

STEP 14. Extract out all the suspected characters using MATLAB. 

 

STEP 15. STOP. 

 

6.2.6. Performance Analysis of BPBM 

The experiment produces satisfactory results for the test paragraph as given in 

Figure 6.7. Following are the details of the results produced by the method after 

presenting the test paragraph: 

Number of paragraphs tested = 1 

Number of lines present in the paragraph = 4 

Number of lines identified by applying Algorithm ‗Segment_Line‘ = 4 

Accuracy of identifying the lines = 100 % 

Number of words present in the paragraph = 20 

Number of words obtained after applying Algorithm ‗Segment_Word‘ = 20 

Accuracy of identifying the words = 100 % 

Number of chunks present in the paragraph = 25 

Number of chunks obtained after applying Algorithm ‗Segment_Chunk‘ = 25 

Accuracy of identifying the chunks containing joined characters from words = 100 % 

Number of characters present in the paragraph = 60 

Number of characters identified by Algorithm ‗Segment_Character‘ = 57 

Accuracy of identification the characters = 95% 
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Figure 6.12: Extraction of Individual Characters from Joined Chunks 

 

Points of extraction 

Baseline 
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The method BPBM has also been tested with two sample sets of paragraphs for 

accuracy measurement. These sample sets are used to train and test the developed ANNs. 

Each set contains 10 paragraphs i.e. 10 pages. Each paragraph contains a sentence written 

by an individual ten times on a piece of paper i.e. 10 sentences. Each sentence contains 

different joined and isolated characters. 10 such distinct characters are present in each 

sentence. The overall accuracy of the BPBM method has been measured on the 

identification of these 2000 characters present in two sets of paragraph, each containing 

1000 characters. A sample page Paragraph of Sample Set-1 and a sample page Paragraph 

of Sample Set-2 are shown in Figure 6.13 and Figure 6.14 respectively. 

  The performance of BPBM is given below:   

Number of characters present in paragraph set-1 = 1000 

Numbers of characters properly segmented = 886 

Accuracy in paragraph set-1 = 88.6% 

Number of characters present in paragraph set-2 = 1000 

Numbers of characters properly segmented = 820 

Accuracy in paragraph set-2 = 82% 

Average accuracy of two paragraph sets = 85.3% 

 

6.3 Discussion 

SDM has been applied for the sentences containing characters having spaces in 

between. BPBM may be efficiently applied to the handwritten text paragraphs, which 

may or may not have spaces in between.  

 Cursive type handwritings may produce faulty results if the input is noisy. As for 

example, it is difficult to find the existence of single ‗w‘ or double ‗u‘ in case of the 

presence of two consecutive ‗u‘s. Preprocessing of the input may help to remove the 

noise. 

Again efficiency of the methods is greatly dependent on the style of handwritings 

as is found in Section 6.2.6 by different experiments. 

The average efficiency of the method BPBM is found to be around 85.3%. 
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Figure 6.13: One Paragraph of Sample Set-1 
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Figure 6.14: One Paragraph of Sample Set-2 
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6.4 Conclusion 

Segmentation of individual characters from the handwritten text plays an 

important role in the development of methods for identification of handwritten 

documents. The process of extracting out the characters is a complex task and difficulties 

vary from language to language as well as person to person. Two developed simple 

methods of segmentation (SDM and BPBM) have been presented here with their 

limitations. Average accuracy of Baseline Pixel Burst Method (BPBM) and Slider 

Drifting Method (SDM) comes out as 85.3% and 92 %( with limitations) respectively. 



 

 
 

Chapter 7 

Development of Prototype Model


 

 

 

This chapter is a discussion on the development of a prototype model which is 

used to test the performances of some traditional ANNs like Hebb and Perceptron [4, 63]. 

To develop and propose a suitable method that can recognize the handwritten characters 

efficiently it is very essential to find out the pros and cons of already developed classical 

ANNs.  All the characters extracted out with different dimensions, after segmentation, are 

converted into fixed dimension matrix of 80 x 80 using the preprocessing techniques 

already discussed Chapter 5. The matrix is then converted into a bivalent vector of size 

6400. Here, the size of the input vector has been limited to 6400 for training and testing 

purpose for simplicity of the ANN model. A prototype model has been designed to test 

the preprocessed character image. 

  

7.1 Architecture 

A single layer prototype ANN model consists of two neuron layers and one 

weight layer that has been sandwiched between the two neuron layers. The neuron layer-

1, which is the input layer, consists of 6400 neurons while the neuron layer-2 is the 

output layer, consisting of only 10 neurons. This prototype ANN has been developed to 

train and test only 10 characters at a time, so there are 10 neurons at the output layer. 

Each neuron in the output layer is responsible for the identification of a particular 

character. The number of neurons in the input layer is equal to the size of the input 

vector. All the neurons in the input layer are completely interconnected to the 10 neurons 

in the output layer. Therefore, the weight layer consists of 6400 x 10 = 64000 

interconnections. The weight vector consists of 64000 elements. Figure 7.1 displays a 

prototype model which can be used to test the performances of Hebb and Percepton 

ANNs. The input layer is denoted by vector ‗x‘, weight layer is denoted by vector ‗w‘ 

                                                           
 Based on author’s Publication nos. 10 and 12 [Appendix B] 
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and output layer is denoted by ‗y‘. The i
th

 element in the input layer is denoted by ‗xi‘, j
th

 

layer in the output layer is denoted by ‗yj‘ and ‗wij‘ denotes the weight of the 

interconnection connecting i
th

 neuron of the input layer with the j
th

 neuron of the output 

layer. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.1: A Prototype Model to Test the Performances of Classical ANNs 

 

This model becomes more complex with increase of number of training 

characters. This increases the number of neurons in the output layer. The weight vector 

increases geometrically with increase in neurons at the output layer. To solve this 

problem the number of neurons has been reduced in the output layer. Instead of using 10 

neurons in the output layer comparatively lesser number of neurons are used that reduced 
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the space and time complexity. For example, 10 distinct possible bivalent combinations 

are used instead of using 10 neurons. Each bivalent combination is responsible for 

identifying a particular character. Four neurons can be used to produce ten distinct 

bivalent combinations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.2: An Optimized Prototype Model with less Number of Neurons in the 

Output Layer  

 

For example, the vector [1, -1, -1, -1, -1, -1, -1, -1, -1, -1] which represents the 

first character can be replaced by a vector [-1, -1, -1, 1]. If -1s are replaced by 0s the 

resultant vector becomes ‗0001‘ which is decimal 1. Similarly, the vector [-1, 1, -1, -1, -1, 

-1, -1, -1, -1, -1] which represents the second character can be replaced by a vector [-1, -
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1, 1, -1] and so on. Finally, the vector [-1, -1, -1, -1, -1, -1, -1, -1, -1, 1] which represents 

the tenth character can be replaced by a vector [1, -1, 1, -1]. This saved a major 

processing time of the ANN as weight modifications are reduced to a greater extent 

which is very useful in larger and complex nets. Figure 7.2 displays a prototype model 

which is an optimized form of the prototype model represented in Figure 7.1. In this 

prototype number of neurons in the output layer has been reduced to four. 

 

7.2 Methodology 

Segmented characters from two sample paragraph-sets (Set-1 and Set-2 of Section 

6.2.6)   are considered for training and testing purpose. Each set contains 1000 individual 

characters since each set contains ten paragraphs, each paragraph contains ten sentences 

and each sentence contains ten characters. Only ten distinct different characters, from 

each paragraph set, say Set-1, are needed to train the ANNs in order to test all the 

characters present in Set-1. Similarly, ten distinct different characters from Set-2 are 

chosen for training to test the all characters of Set-2. Training of the nets has been limited 

to ten different characters, may be lower or upper case, for each set as nets and their  

interfaces (Chapter10) are designed for doing so. Training characters are chosen from 

paragraph-sets at random.  

The characters, from Set-1 and Set-2 that are used here for training purpose are 

saved and used as training sets for all other developed ANNs done in this work. 

During training after few epochs standard weights are generated by each of the 

classical ANNs as discussed in Sections 7.3 and 7.4. The characters which are extracted 

out by the BPBM method discussed in Chapter 6 are preprocessed and presented to the 

prototype model for identification. Figure 7.3 displays the conceptual diagram of the 

overall methodology of the prototype model designed to test the performances of the 

ANNs. The weight matrix is initialized to zero. Target vectors for different characters are 

set as shown in Table 7.1. 
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Table 7.1: Target Vector Set for Different Characters 

 

S. No. Character Equivalent  

Decimal Code 

Equivalent  

Binary Number 

Bivalent Target 

Vector 

1. ‗C‘ 1 0001 [-1, -1, -1, 1] 

2. ‗a‘ 2 0010 [-1, -1, 1, -1] 

3. ‗t‘ 3 0011 [-1, -1, 1, 1] 

4. ‗s‘ 4 0100 [-1, 1, -1, -1] 

5. ‗A‘ 5 0101 [-1, 1, -1, 1] 

6. ‗n‘ 6 0110 [-1, 1, 1, -1] 

7. ‗d‘ 7 0111 [-1, 1, 1, 1] 

8. ‗D‘ 8 1000 [1, -1, -1, -1] 

9. ‗o‘ 9 1001 [1, -1, -1, 1] 

10. ‗g‘ 10 1010 [1, -1, 1, -1] 

 

As the prototype model has been designed to train and test only 10 characters at a 

time, training samples are presented to the ANN one by one and the activations are 

calculated for each training sample. 

 

 

 

 

 

 

 

 

 

Figure 7.3: Conceptual Diagram of the Overall Methodology 
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7.3 Testing the Performance of Hebb ANN 

Weights are initially set to zero. The preprocessed characters from different sets 

are presented to the ANN one by one. For each character net output in the output layer is 

calculated using Equation 7.1. The net output of the j
th

 neuron in the output layer is 

represented by ‗y_outj‘. The value of the i
th

 neuron in the input vector is represented by 

‗xi‘ and ‗wij‘ is the weight at the link connecting i
th

 neuron in the input layer with the j
th

 

neuron in the output layer.  

The activation function is ‗f‘ and ‗θ‘ is the threshold value, which decides that the 

neuron will fire or not as given in Equation 7.2. If y_netj exceeds the threshold value 

while training, the neuron fires and the value of yj is set to 1 else the value is set to -1. 

The threshold is set to a random value. 

 

y_outj =  𝑥𝑖 i * wi j     ………….Equation 7.1 

 

yj = f(y_outj) = { 1 if y_netj >= θ  else -1}   …………..Equation 7.2 

 

After training the ANN for one epoch the vector ‗y‘ is compared with the target 

vector. If the vector is identical to the target vector, weights are not modified else weights 

are modified till the output vector ‗y‘ matches the target vector. The weights can be 

modified by using Equation 7.3 as follows: 

 

wij(new) = wij(old) + xiyj      …………….Equation 7.3 

 

Where, ‗wij(new)‘ is the modified weight, ‗wij(old)‘ is the existing weight, ‗xi‘ is 

the input at the ‗i
th

‘ neuron and ‗yj‘ is the activation produced by the ANN for the j
th

 

neuron in the output layer. 

 

7.3.1 Result Analysis of Hebb ANN 

Number of neurons in the input unit=6400 

Number of Neurons in the output unit = 4 

Dimension of each weight matrix = 6400 x 4 
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Training Algorithm used = Hebb 

Number of Epochs = 7, Threshold () = 0.2,  

Accuracy generated by Paragraph Set 1 = 39.05%. 

Accuracy generated by Paragraph Set 2 = 45.61%. 

Average Accuracy of Hebb-net= 42.33% 

The accuracy of the system is shown in Table 7.2, Table 7.3 and corresponding 

column graphs are shown in Figure 7.4 and Figure 7.5. 

 

Table 7.2:  Identification of Characters of Paragraph Set-1 using Hebb-net 

 

Alphabets Number of Segmented 

characters  

Correctly 

recognized 

Percentage of accuracy 

‗C‘ 89 41 46.07% 

‗a‘ 95 35 36.84% 

‗t‘ 80 39 48.75% 

‗s‘ 92 31 33.69% 

‗A‘ 100 36 36.00% 

‗n‘ 80 30 37.50% 

‗d‘ 90 32 35.56% 

‗D‘ 92 37 40.22% 

‗o‘ 98 33 33.67% 

‗g‘ 70 32 45.71% 

Total 886 346 39.05% 
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Figure 7.4: Percentage of Accuracy of Paragraph Set-1 by Hebb-net 

 

Table 7.3:  Identification of Characters of Paragraph Set-2 using Hebb-net 

Alphabets Number of Segmented 

characters  

Correctly recognized Percentage of 

accuracy 

‗M‘ 100 35 35.00% 

‗y‘ 71 39 54.93% 

‗F‘ 91 41 45.05% 

‗i‘ 60 39 65.00% 

‗v‘ 73 41 56.16% 

‗e‘ 89 39 43.82% 

‗C‘ 90 33 36.67% 

‗o‘ 92 30 32.61% 

‗w‘ 71 41 57.75% 

‗s‘ 83 36 43.37% 

Total 820 374 45.61% 
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Figure 7.5: Percentage of Accuracy of Paragraph Set-2 by Hebb-net 

 

7.4 Testing the Performance of Perceptron ANN 

In the case of Perceptron ANN, the net output is calculated using Equation 7.1 

and activation is calculated using Equation 7.4 as follows: 

 

    1 if y_outj >  

yj =  f(y_outj)   =      0 if - < = y_outj< =      

-1 if y_outj < -   …………..Equation 7.4 

 

The weights are modified using Equation 7.5, where, ‗‘ is the learning rate and 

‗tj‘ is the target value set for j
th

 neuron in the output layer. 

 

wij(new) =  wij(old)  +  tjxi    ………….Equation 7.5 

 

7.4.1 Result Analysis of Perceptron ANN 

Number of neurons in the input unit=6400 

Number of Neurons in the output unit = 4 

Dimension of each weight matrix = 6400 x 4 
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Training Algorithm used = Perceptron 

Number of Epochs = 3, Threshold () = 0.2, Learning Rate () = 1 

Accuracy generated by Paragraph Set 1 = 49.66%. 

Accuracy generated by Paragraph Set 2 = 49.15%. 

Average Accuracy of Perceptron-net= 49.41% 

The accuracy of the system is shown in Table 7.4 and Table 7.5 and 

corresponding column graphs are shown in  Figure 7.6 and Figure 7.7. 

 

Table 7.4:  Identification of Characters of Paragraph Set-1 using Perceptron-net 

 

Alphabets Number of Segmented 

characters  

Correctly 

recognized 

Percentage of accuracy 

‗C‘ 89 40 44.94% 

‗a‘ 95 44 46.31% 

‗t‘ 80 46 57.50% 

‗s‘ 92 49 53.26% 

‗A‘ 100 50 50.00% 

‗n‘ 80 40 50.00% 

‗d‘ 90 42 46.67% 

‗D‘ 92 41 44.56% 

‗o‘ 98 46 46.94% 

‗g‘ 70 42 60.00% 

Total 886 440 49.66% 
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Figure 7.6: Percentage of Accuracy of Paragraph Set-1 by Perceptron-net 

 

Table 7.5:  Identification of Characters of Paragraph Set-2 using Perceptron-net 

Alphabets Number of Segmented 

characters  

Correctly recognized Percentage of 

accuracy 

‗M‘ 100 33 33.00% 

‗y‘ 71 34 47.89% 

‗F‘ 91 36 39.56% 

‗i‘ 60 37 61.67% 

‗v‘ 73 52 71.23% 

‗e‘ 89 45 50.56% 

‗C‘ 90 42 46.67% 

‗o‘ 92 42 45.65% 

‗w‘ 71 40 56.34% 

‗s‘ 83 42 50.60% 

Total 820 403 49.15% 
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Figure 7.7: Percentage of Accuracy of Paragraph Set-2 by Perceptron-net 

 

7.5 Conclusion 

A prototype model has been designed to test the performances of two single layer 

ANNs, Hebb and Perceptron. The same data samples that are generated to test the 

performance of all the models developed in this work are applied.  It has been found that 

both Hebb and Perceptron ANN performs very well for those characters which are not 

much deviated from the sample characters used to train the ANN. But performance 

degrades with increase in deviations. So, these methods are not found suitable where 

generalizations are required to identify the deviations. To overcome the problem different 

single / multiple layer ANNs, based on feature extraction, are necessary.  
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Chapter 8 

Development of Single Layer ANNs 

 

 

  Identification of the handwritten characters is one type of pattern recognition 

process. Variation in handwriting leads to great difficulty in identifying the character 

patterns. Different handwriting styles of different individuals lead to the distortion in 

patterns from standard patterns. The standard patterns are actually used to train the 

ANNs.  Learning rules like perceptron learning rules can be used to train the ANNs to 

identify the characters [34]. A number of works has been carried out on the development 

of various single layer ANNs where very few neurons are used to obtain the optimized 

results.  But, obtaining 100% accuracy is still a challenge for such ANNs.  

Single layer ANN models like, Row-wise Segmentation Technique (RST), 

Column-wise Segmentation of Image Matrix (CSIM), Input Pattern Segmentation 

Technique (IPST) and Row-wise Segmentation using Adaptive Resonance Theory ART1 

(RSA) have been developed for identification of the handwritten characters. Individual 

handwritten characters that are extracted out from the handwritten text paragraph sets are 

presented to the ANNs after preprocessing for testing their performances. 

  

8.1 Character Recognition using Row-wise Segmentation Technique 

(RST)

 

 In this work an effort has been made to recognize handwritten English alphabets 

using a single layer ANN using Row-wise Segmentation Technique (RST). This 

approach made the ANN simple, easy to implement and understandable. Row-wise 

Segmentation Technique (RST) is an approach to obtain the optimized results using the 

easily available resources. RST helps to extract out some common features among 

distinct handwriting styles of different people.  

  

                                                           
 Based on author’s Publication nos. 8 and 9 [Appendix B] 
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It also helps in minimizing the errors in recognizing the handwritten patterns 

caused by variant handwriting styles of different individuals.  

 

8.1.1 Architecture of RST-net 

RST-net has been designed to improve the performance of single layer perceptron 

model by dividing the task of training and testing and assigning it to individual 

perceptron models. Performance has been calculated by analyzing the success of the 

overall ANN by counting the results of the individual perceptrons. Figure 8.1 depicts the 

architecture of the RST-net developed here. The input layer consists of 6400 neurons and 

is divided into 80 segments. Each segment represents one row of the character image 

matrix and consists of 80 neurons. There are 320 neurons in the output layer which is 

divided into 80 groups of neurons where size of each group is four. Four neurons have 

been taken because to identify 10 characters minimum four neurons are needed to 

generate ten distinct bivalent combinations.   

There are 320 weights in each of the 80 input-output interconnections. RST-net 

consists of 25600 weights in total. Therefore, each input-output segment is a combination 

of single layer perceptrons. RST net consists of 320 such perceptrons. 

 

8.1.2 Overview and Methodology of RST-net 

RST is a method where input pattern matrix is segmented row-wise into different 

vectors. Target pattern is also grouped into different segments where each group is the 

numeric equivalent of the chronological order location of each English alphabet.  

Each input segment is fully interconnected to each target group. Number of target 

groups is equal to the number of rows in the input matrix. In general, the overall program 

has been divided into two parts, training and testing. Training requires the ANN to read 

segmented input patterns for few epochs and obtain the standard weights that produce 

desired outputs. Testing requires the ANN to read test character patterns at random, 

noting down the output produced at different output segments, counting the correct 

outputs and depending upon the value of the counter, identifying the characters. 
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Figure 8.1: Architecture of RST-net 
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8.1.2.1 Training the RST-net to obtain the Standard Weights 

The ANN is trained separately with the characters those are present in two sets of 

text paragraphs Set-1 and Set-2 (Section 6.2.6 and Article no. 7.2). Each segment of RST 

has been trained using perceptron learning rule. These characters are used in the whole 

work for testing the performances of the ANNs. 

The characters extracted out using the segmentation methods are preprocessed and 

fed to the ANN for training. The preprocessing methods applied are noise removal, 

compression and conversion of binary to bivalent matrix.  Each character is compressed 

to a matrix of size ‗80 x 80‘ pixels by using a MATLAB function. Twenty different 

binary matrices extracted out from two paragraph sets are produced. Ten distinct 

characters from each paragraph set is taken into consideration. The binary matrixes are 

converted into bivalent form where all the 0s of the vectors are replaced by (–1)s for 

better learning. Binary vectors takes more epochs (iterations) and sometimes fails to 

converge to produce correct outputs because presence of 0s may sometimes freeze the 

learning process. 

Each matrix has been segmented row-wise into 80 rows and forms eighty such 

vector patterns. The rows are fed to the RST-net to the input neurons present in different 

segments. Training of the ANN has been performed separately because the prototype 

model is designed to test only ten characters simultaneously. The captured images are 

used to generate input matrices. Each input matrix corresponding to an alphabet has been 

segmented row-wise, each row forming an input pattern, which are fed to the RST-net for 

the training. 

The training of the ANN started with input vector of length 6400 as shown in 

Figure 8.2. The input vector has been divided into different segments. The length of each 

segment is 80, equal to the length of each row of a character matrix. The target pattern 

has also been grouped into 80 identical patterns. Each input segment is fully 

interconnected with the corresponding target group. Each peer-to-peer input-target set is 

having separate weight matrices. The weight matrices are initially set to zero. After being 

trained for several epochs, the final weights, that produce the correct output has been 

obtained. The training and testing of RST is given by Algorithm 8.1. 
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Figure 8.2: Conceptual Diagram of RST-net Training 

 

8.1.2.2 Testing the RST-net 

The ANN has been tested by providing the binary characters extracted out of the 

sample text paragraphs. All ‗0s‘ in the matrix are replace by ‗(-1)‘s. The conceptual 

diagram of RST-net testing is given in Figure 8.3.  Different characters generate different 

output vectors. A counter is used to find out the total number of correct outputs generated 

by different groups in the output layer. Majority of correct patterns present in the output 

layer has been considered for the identification of the characters. For example, if the 

pattern present in majority in the output is [-1, -1, -1, 1, -1], replacing -1s by 0s gives 

[00010]. 

The decimal equivalent of [00010] is 2, which is the numeric equivalent of the 

chronological position of second alphabet in the alphabet set containing ten different 

characters. 
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Figure 8.3: Conceptual Diagram of RST-net Testing 

 

Algorithm 8.1(RST): Working of RST-net 

STEP 1.  Consider a single layer ANN with input matrix as ‗80 x 80‘ and output   

   matrix as ‗80 x 4‘. 

 

STEP 2. Segment the input matrix row wise into 80 rows of length 80 each and group the  

output matrix into 80 of length 4 each. [Where, each input segment is fully 

interconnected to each of the corresponding output group and the dimension of 

each weight matrix for an input-output combination is ‗80 x 4‘. There are 80 such 

weight matrices.] 

 

STEP 3. Initialize all the weights equal to 0 and set the learning rate ‗α‘ to 1 for  

simplicity. 

 

STEP 4. Apply perceptron learning rule to each pair of input-output combination to train 

the ANN with standard characters. 
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STEP 5. Repeat Steps 6 to 10 for each test character: 

 

STEP 6. Present the test character to the trained ANN. 

 

STEP 7. Set ‗counter‘ to 0 for each known pattern (representing an alphabet)  

for the test character. 

 

STEP 8. Check the output matrix and each group for the known pattern. 

 

STEP 9. For each known pattern found in the output, increment the ‗counter‘ by  

1. 

 

STEP 10. Consider, the known pattern showing the maximum value of ‗counter‘  

as the winner. If there are no more test characters then STOP and EXIT. 

 

STEP 11. STOP. 

 

8.1.3 Performance Analysis of RST-net 

The performance of the ANN is measured using MATLAB software. The 

characters segmented and preprocessed as discussed in Chapter-5 and Chapter-6 are 

presented to RST-net for testing. Figure 8.4 displays a column-chart showing the 

percentage of accuracy of identifying different characters of Paragraph Set-1 by RST-net. 

 

Neural Network parameters used in the experiment: 

Number of neurons in the input unit=6400 

Number of neurons in each input pattern segment=80 

Number of input pattern segments=80 

Number of Neurons in the output unit = 320 

Number of Neurons in each output segment = 4 

Dimension of each weight matrix = 80 x 4 

Training Algorithm used = Perceptron 
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Number of Epochs = 3, Threshold () = 0.2, Learning Rate () = 1 

The accuracy of the system is shown in Table 8.1 and Table 8.2. 

Accuracy generated by Paragraph Set 1 = 83.52%. 

Accuracy generated by Paragraph Set 2 = 83.05%. 

Average Accuracy of RST net= 83.29% 

 

Table 8.1:  Identification of Characters of Paragraph Set-1 using RST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‗C‘ 89 70 78.65% 

‗a‘ 95 80 84.21% 

‗t‘ 80 65 81.25% 

‗s‘ 92 79 85.86% 

‗A‘ 100 100 100% 

‗n‘ 80 70 87.50% 

‗d‘ 90 80 88.88% 

‗D‘ 92 61 66.30% 

‗o‘ 98 76 77.55% 

‗g‘ 70 59 84.28% 

Total 886 740 83.52% 
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Figure 8.4: Percentage of Accuracy of Paragraph Set-1 by RST-net 

 

Table 8.2:  Identification of Characters of Paragraph Set-2 using RST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of 

Accuracy 

‗M‘ 100 90 90% 

‗y‘ 71 49 69.01% 

‗F‘ 91 77 84.62% 

‗i‘ 60 51 85% 

‗v‘ 73 52 71.23% 

‗e‘ 89 73 82.02% 

‗C‘ 90 80 88.88% 

‗o‘ 92 81 88.04% 

‗w‘ 71 56 78.87% 

‗s‘ 83 72 86.75% 

Total 820 681 83.05% 
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Figure 8.5 displays a column-chart showing the percentage of accuracy of 

identifying different characters of sample Paragraph Set-2 (Section 6.2.6) by RST-net. 

 

 

Figure 8.5: Percentage of Accuracy of Paragraph Set-2 by RST-net 

 

The results show that RST-net training allows very fast convergence. The number 

of epochs required for the training is very less. The accuracy of identifying the characters 

is also very good.  The method has been tested also for some sample characters, which 

are deviated from their positions. RST-net generated very good accuracy for the deviated 

characters. 

 

8.2   Character Recognition using Column-wise Segmentation of Image 

Matrix (CSIM)

  

CSIM-net has been developed to improve the performance of the RST-net. The 

binary input image matrix of order 80 x 80 = 6400 has been further compressed into a 

lower dimension matrix of order 10 x 10 = 100 in order to reduce non significant 

elements of the image matrix. The compressed matrix has been segmented column-wise. 

                                                           
 Based on author’s Publication no. 7 [Appendix B] 
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Each column of a particular image matrix is mapped into identical patterns for 

recognizing a particular character. Majority of a known pattern decides the existence of a 

particular character. The overall work, carried out to develop CSIM-net, has been divided 

into three sections, compression of the input image matrix, segmenting the compressed 

matrix column-wise, training and testing the ANN by providing characters taken from 

different individuals. 

 

8.2.1 Architecture of CSIM-net 

  Figure 8.6 depicts the architecture of CSIM-net. The input layer consists of 100 

neurons. The input layer is divided into 10 column segments. Each segment represents 

one column of the compressed input matrix of the character image matrix and consists of 

10 neurons. There are 40 neurons in the output layer which is divided into 10 groups of 

neurons where each group contains 4 neurons. There are 40 weights in each of the 10 

input-output interconnections. CSIM-net consists of 400 weights in total. Each input-

output segment is a combination of single layer perceptrons. CSIM-net consists of 40 

such perceptrons. 

 

8.2.2 Overview and Methodology of CSIM-net 

The method of obtaining the input image matrix is like that used in RST-net. Each 

matrix contains a large number of elements which may not convey any information about 

the pattern. In order to eliminate such elements, ‗80 x 80‘ matrix is compressed into a 

matrix of size ‗10 x 10‘. The ‗10 x 10‘ matrix has been segmented column-wise into 10 

segments of size 10 each. All the columns of a particular character are mapped into 

identical patterns used to recognize that particular character. In this way standard weight 

matrix has been obtained for each character. Test characters are presented to the trained 

net. A counter is used to find out the number of identical patterns produced by the test 

character. Majority of the identical patterns present in a test character decides the 

existence of a particular character. The compression of the character image matrix is 

given by Algorithm 8.2. 
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Figure 8.6: Architecture of CSIM-net  
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Algorithm 8.2 (Compression): Compression of Character Image Matrix 

STEP1. Let us consider the input matrix as ‗A‘. 

 

STEP2. Split matrix ‗A‘ into ‗n‘ uniform blocks, where ‗A_BLOCKi‘ is the i
th

 block of  

‗A‘. 

 

STEP3. For ‗i‘=1 to ‗n‘, 

 

Set ‗A_ COMi‘= Ф(A_BLOCKi) 

 

END [‗A_ COMi‘ is the i
th

 element of the compressed matrix ‗A_COM‘] 

 

Ф(A_BLOCKi) = 1, if there exists at least one element of ‗A_BLOCKi‘ is 1 

 

Ф(A_BLOCKi) = 0, if all the elements of ‗A_BLOCKi‘ are 0 

 

STEP 4. STOP. 

 

8.2.2.1 Training the CSIM-net to obtain the Standard Weights 

After compression, the compressed input matrix is presented to the CSIM-net for 

training. Figure 8.7 depicts the conceptual diagram of the training of CSIM-net. The 

characters that are used in RST-net are also used in CSIM-net for the training purpose. 

The weights are initially set to 0. The ANN has been trained using perceptron learning 

rule. After training the ANN for few epochs, the final weights, that generate the correct 

output, are obtained. The final weights obtained remain the same for the next few epochs 

and has been considered as the standard weights for testing. The overall working of 

CSIM net is given by Algorithm 8.3. 
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Figure 8.7: Conceptual Diagram of CSIM-net Training 

 

8.2.2.2 Testing the CSIM-net 

The Paragraph sets that are used in RST-net are also used in CSIM-net for the 

testing purpose. The test character vectors are compressed using the compression 

algorithm and presented to the CSIM-net for testing. Figure 8.8 depicts the conceptual 

diagram of CSIM-net testing. A counter is used to count the number of identical pattern 

outputs from the ten different segments for confirmation. A value greater than or equal to 

six is considered for the identification of a particular character. 

 

Algorithm 8.3 (CSIM): Working of CSIM-net 

STEP 1. Scan ‗N‘ number of characters to be trained and convert each into a binary  

matrix of dimension ‗m x m‘. 

 

STEP 2. Apply algorithm ‗Compression‘ on each ‗m x m‘ matrix and compress the  

matrix into a dimension of ‗n x n‘, where m>n. 

 

STEP 3. Store each compressed matrix in column major form and assign one by one to  

the input vector ‗x‘. 
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STEP 4. Divide ‗x‘ into ‗M‘ number of segments, where each segment consists of ‗N‘  

number of elements. 

 

STEP 5. Consider ‗M‘ number of groups in the output layer, ‗y‘. Each group contains ‗p‘  

number of elements, where 

p=2, if 1<N<=4 

p=3, if 4<N<=8 

p=4, if 8<N<=16 and so on. 

 

STEP 6. Completely interconnect all the neurons of each ‗M‘ segment in the input layer  

to all the neurons of each corresponding M group in the output layer. 

 

STEP 7. For 1 to ‗N‘ alphabets to be trained, consider the target vector in the  

following way: 

For example, 

Character-1 = 0000 

Character-2 = 0001 

Character-3 = 0010 

Character-4 = 0011 and so on.  

[Later 0s are replaced by (-1)s to obtain bivalent vector] 

 

STEP 8. Initialize weight matrix: 

For k=1 to M 

For i=1 to N 

   For j=1 to p 

    Wkij = 0 

   End p 

  End N 

 End M 
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STEP 9. Apply perceptron learning algorithm to each segment and find out the  

standard weights. 

 

 

 

Figure 8.8: Conceptual Diagram of CSIM-net Testing 

 

STEP 10. Scan the sample character to be tested and convert into binary matrix of  

dimension ‗m x m‘. 

 

STEP 11. Apply algorithm ‗Compression‘ on the sample ‗m x m‘ matrix and compress  

into ‗n x n‘ matrix, where m>n. 

 

STEP 12. Store the compressed matrix in column major form and assign one by one to  

the input vector ‗x‘. 

 

STEP 13. Present the test vector ‗x‘ into the CSIM-net. 

 

STEP 14. Apply ‗counter‘ to the output produced, to identify the character. 

 

STEP 15. STOP. 
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8.2.3 Performance Analysis of CSIM-net 

MATLAB software is used to test the accuracy of the net. The alphabets present in 

paragraph sets used in RST-net are also used in CSIM-net for training and testing 

purpose.  

 

Neural Network parameters used in the experiment: 

Number of input neurons =6400 

Number compressed input neurons=100 

Number of neurons in each compressed input pattern segment=10 

Number of input pattern segments=10 

Number of Neurons in each output group = 4 

Dimension of weight matrix for each segment = 10 x 4 

Training Algorithm used = Perceptron 

Number of Epochs = 3, Threshold () = 0.2, Learning Rate () = 1 

The accuracy of the system is shown in Table 8.3 and Table 8.4. 

Accuracy generated by Paragraph Set 1 = 84.65%. 

Accuracy generated by Paragraph Set 2 = 84.88%. 

Average Accuracy of CSIM net= 84.77% 

 

Figure 8.9 displays a column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-1 (Section 6.2.6) by CSIM-net.  

The result shows that CSIM-net training, allows very fast convergence. The 

number of epochs required for the training is very less. Accuracy of identifying the 

characters is also very good. The compression of the input matrix helps to improve the 

performance of CSIM-net to a great extent. It has also been found that the method of 

compression applied is able to hold the information in the compressed matrix with great 

accuracy.  
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Table 8.3:  Identification of Characters of Paragraph Set-1 using CSIM-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‗C‘ 89 72 80.90% 

‗a‘ 95 81 85.26% 

‗t‘ 80 71 88.75% 

‗s‘ 92 77 83.70% 

‗A‘ 100 100 100% 

‗n‘ 80 73 91.25% 

‗d‘ 90 81 90.00% 

‗D‘ 92 66 71.74% 

‗o‘ 98 73 74.49% 

‗g‘ 70 56 80.00% 

Total 886 750 84.65% 

 

 

 

Figure 8.9: Percentage of Accuracy of Paragraph Set-1 by CSIM-net 
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Figure 8.10: Percentage of Accuracy of Paragraph Set-2 by CSIM-net 

 

Table 8.4:  Identification of Characters of Paragraph Set-2 using CSIM-net 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‗M‘ 100 89 89.00% 

‗y‘ 71 51 71.83% 

‗F‘ 91 81 89.01% 

‗i‘ 60 52 86.67% 

‗v‘ 73 55 75.34% 

‗e‘ 89 72 80.90% 

‗C‘ 90 80 88.89% 

‗o‘ 92 80 86.96% 

‗w‘ 71 61 85.92% 

‗s‘ 83 75 90.36% 

Total 820 696 84.88% 
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Compression of the input matrix helps a lot to get rid of the unused elements of the 

input matrix. Removal of unused elements makes the ANN small, simple and fast. 

Column-wise segmentation is a better approach than the row-wise segmentation as 

segmentation of the matrix column-wise produces more variations in the patterns and 

helps to obtain a sharp eye in the identification of the patterns.  

Figure 8.10 displays a column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-2 (Section 6.2.6) by CSIM-net. 

 

8.3   Character Recognition using Input Pattern Segmentation Technique (IPST)


  

  Input Pattern Segmentation Technique (IPST) is an approach, following RST 

and CSIM, where input vector has been segmented into different equal sized blocks taken 

from the beginning of the pattern. Patterns are segmented and the goal behind 

segmentation is to find out the common segments among varying patterns.   

The idea is to segment the input patterns into chunks, where separate chunks of a 

particular input pattern are mapped into identical target patterns. Each chunk has been 

trained for a target pattern that identifies a particular character.  

Different samples taken from different people for some characters are presented 

to the ANN for testing and the ANN responds positively. Character samples are taken   

from different individuals so that these patterns vary considerably.  

The same idea is applied as are applied in previous techniques by incorporating a 

counter in the ANN.  The counter counts the common patterns from the deviated 

characters.  

In general, the overall program has been divided into two sections, training the 

ANN by providing segmented input pattern and testing the ANN by providing the 

samples taken from different individuals. 

 

 

 

                                                           
 Based on author’s Publication no. 2 [Appendix B] 
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Figure 8.11: Architecture of IPST-net 
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8.3.1 Architecture of IPST-net 

The input layer has been divided into 10 segments. Each segment is a block of eight 

rows and the length of each segment is 640. Therefore, 640 neurons are used in each 

segment. The target pattern is also grouped into 10 segments of length 4 each as shown in 

Figure 8.11. Each input vector segment is fully interconnected with the corresponding 

target segment. Each peer-to-peer input-target set has separate weight matrices. There are 

2560 weights in each input target interconnections. IPST consists of 25600 weights. 

 

8.3.2 Overview and Methodology of IPST-net 

Two sets of paragraphs used in RST-net and CSIM-net are used in IPST-net for 

training and testing. Each input pattern matrix has been divided into separate segments. 

All the segments are of uniform length. Each segment has been mapped into identical 

patterns which correspond to a binary number and each binary number corresponds to an 

English alphabet.  

The ANN has been trained separately for 10 characters, each taken from two sets of 

paragraphs, using perceptron learning rule. MATLAB software has been used to test the 

results and accuracy is measured. 

The compression algorithm used in CSIM-net has not been used in IPST-net because the 

input pattern vector is divided into blocks instead of rows and columns as the block 

requires more number of neurons. The input vector of dimension ‗80 x 80‘ has been used. 

The working of the IPST-net is given by Algorithm 8.4. 

 

8.3.2.1 Training the IPST-net to obtain the Standard Weights 

The conceptual diagram of IPST-net training has been depicted by Figure 8.12. The 

weight matrices are initially set to 0. After being trained for several epochs, the final 

weights that produce the correct outputs are obtained. The final weights obtained 

remained the same for the next few epochs and has been considered as the standard 

weights for testing.  
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Figure 8.12:  Conceptual Diagram of IPST-net Training 

 

8.3.2.2 Testing the IPST-net  

IPST-net has been tested by providing sample Paragraph Sets that are used to test 

the performances of RST-net and CSIM-net. Different characters produce different 

output vectors. The output vectors are observed to find out the total number of matching 

patterns for a character using a counter. Majority of similar patterns (here greater than or 

equal to 6) present in the output has been considered for the identification of the 

characters. For example, if the pattern present in majority in the output is   [-1,-1,-1, 1,-1], 

replacing (-1)s by 0s gives [00010]. The decimal equivalent of [00010] is 2, which is the 

numeric equivalent of the alphabetical order of Character-2. Majority of the above pattern 

produced by the segmented input vector indicates that the character presented for testing 

might be Character-2. Similarly, for the pattern [00011] the character identified is 

Character-3.  

The response of the concept is promising and leads to fruitful results. Figure 8.13 

depicts the conceptual diagram of IPST-net testing. Approach towards Input Pattern 

Segmentation Technique (IPST) is ‗divide-and-conquer‘ policy which has already been 

proved very good in solving many other problems. Dividing the input patterns helped in 

extracting out some common patterns from the varying inputs. 
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Figure 8.13: Conceptual diagram of IPST-net Testing 

 

Algorithm 8.4 (IPST): Working of IPST-net 

STEP 1.  Consider a single layer ANN with the following dimensions: 

 Input matrix as ‗80 x 80‘ and output matrix as ‗10 x 4‘. 

 

STEP 2. Segment the input matrix row wise into 10 blocks of size 640 pixels each and  

group the output matrix into 10 of length 4 each. Each input segment is fully 

interconnected with each of the corresponding output group. The dimension of 

each weight matrix for an input-output combination is ‗640 x 4‘. There are 10 

such weight matrices. 

 

STEP 3. Initialize all weights equal to 0 and set the learning rate ‗α‘ to 1 for simplicity. 

 

STEP 4. Apply perceptron learning rule to each pair of input-output  combination to train  

the ANN with standard characters. 

 

STEP 5. Repeat Steps 6 to 10 for each test character: 

 

STEP 6. Present the test character to the trained net. 

Presented Test Character  

Standard Weight Matrix 

Output Produced 

Counter 

Identified Character 
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STEP 7. Set ‗counter‘ to 0 for each known pattern (representing an alphabet)  

for the test character. 

 

STEP 8. Check the output matrix and each group for the known patterns. 

 

STEP 9. For each known pattern found in the output, increment ‗counter‘ by  

one. 

 

STEP 10. Consider, the known pattern showing the maximum value of counter as  

the winner.  If there are no more test characters STOP and EXIT. 

 

STEP 11. STOP. 

 

8.3.3 Performance Analysis of IPST-net  

The method has been tested using MATLAB software. Same set of text paragraphs 

are used as are also used in RST-net for training and testing. 

 

Neural Network parameters used in the experiment: 

Number of neurons in the input unit=6400 

Number of neurons in each input pattern segment=640 

Number of input pattern segments=10 

Number of Neurons in the output unit = 40 

Number of Neurons in each output segment = 4 

Dimension of each weight matrix = 640 x 4 

Training Algorithm used = Perceptron 

Number of Epochs = 3, Threshold value used () = 0.2, Learning rate () = 1 

The accuracy of the system is shown in Table 8.5 and Table 8.6. 

Accuracy generated by Paragraph Set 1 = 80.70%. 

Accuracy generated by Paragraph Set 2 = 80.12%. 

Average Accuracy of IPST net= 80.41% 
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Table 8.5:  Identification of Characters of Paragraph Set-1 using IPST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly Recognized Percentage of Accuracy 

‗C‘ 89 64 71.91% 

‗a‘ 95 78 82.11% 

‗t‘ 80 66 82.50% 

‗s‘ 92 61 66.30% 

‗A‘ 100 100 100% 

‗n‘ 80 72 90.00% 

‗d‘ 90 77 85.56% 

‗D‘ 92 64 69.57% 

‗o‘ 98 72 73.47% 

‗g‘ 70 61 87.14% 

Total 886 715 80.70% 

 

 

 

 

 

Figure 8.14: Percentage of Accuracy of Paragraph Set-1 by IPST-net 
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Table 8.6:  Identification of Characters of Paragraph Set-2 using IPST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‗M‘ 100 91 91% 

‗y‘ 71 40 56.34% 

‗F‘ 91 76 83.52% 

‗i‘ 60 45 75% 

‗v‘ 73 51 69.86% 

‗e‘ 89 71 79.78% 

‗C‘ 90 83 92.22% 

‗o‘ 92 84 91.30% 

‗w‘ 71 50 70.42% 

‗s‘ 83 66 79.52% 

Total 820 657 80.12% 

 

 

 

 

Figure 8.15: Percentage of Accuracy of Paragraph Set-2 by IPST-net 
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The results show that IPST-net training allows very fast convergence. The number 

of epochs required for the training is very less. The accuracy of identifying the characters 

is also very good. 

As compared to the other developed methods using single layer ANNs, if the 

complete pattern of the character is presented with distortions then there are less 

possibilities of not recognizing the characters. 

Here, the input pattern has been segmented into many fragments and each 

fragment pattern is presented to the ANN individually for training and testing. Figure 

8.14 displays a column-chart showing the percentage of accuracy of identifying different 

characters of sample Paragraph Set-1 (Section 6.2.6) by IPST-net. 

There are possibilities that most of the fragments are common and possibility of 

identification increases with the segmentation. Also, most of the work put emphasis on 

matching the already existing patterns and some of the work put emphasis on self 

organizing the ANN but segmentation technique put emphasis on recognizing the 

unknown patterns without altering the structure of the ANN. Figure 8.15 displays a 

column-chart showing the percentage of accuracy of identifying different characters of 

sample Paragraph Set-2 (Section 6.2.6) by IPST-net. 

 

8.4 Row-wise Segmentation of Characters using Adaptive Resonance 

Theory ART1 (RSA)

 

Adaptive Resonance Theory ART1 is in fact a multiple layer ANN but in this work 

it is categorized and discussed as a single layer ANN. This is because ART1 is an already 

developed ANN that has just been used in single layer RST where the perceptron is 

replaced by ART1 in order to identify the ambiguous characters. There are many 

characters in English script which produce patterns having ambiguous portions. 

Ambiguity makes it very difficult to identify the characters accurately. After some 

rigorous experiments it has been found that, Adaptive Resonance Theory (ART1) helps 

                                                           
 Based on author’s Publication no. 6 [Appendix B] 

 



Chapter 8       Development of Single Layer ANNs 

140 
 

to identify the ambiguous characters efficiently and accurately. Row-wise segmentation 

of handwritten English characters can be applied with ART1 to identify the characters 

having ambiguous portions.  Race is going on to develop simpler, cheaper efficient and 

more accurate Artificial Neural Networks (ANNs) to identify the handwritten characters 

in different scripts.  

Ambiguity among different characters in different scripts adds the spices to the 

recipe. It is found that there are many characters in English script which have ambiguous 

portions. Adaptive Resonance Theory (ART1) can be applied with the input pattern 

segmentation methods to identify the ambiguous characters. RSA is an approach to 

identify the characters written in different handwriting styles with ambiguities in different 

portions of the characters.  

The overall program has been divided into three sections, segmentation of the input 

pattern, applying segmented input to the ART1, utilization of the counter to find out the 

winning patterns for different characters. 

 

8.4.1 Architecture of ART1-net 

ART1-net consists of three layers of neurons, F1(a) layer called input layer, F1(b) 

layer called interface layer and F2 layer called cluster layer as shown in Figure 8.16. 

 

 

 

Figure 8.16: Structure of ART1-net 
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Figure 8.17: Structure of RSA-net 

 

s1 

s2 

s80 

x1 

x2 

x2 

R1 

y1 

y2 

SEGMENT-1 SEGMENT-1 

s81 

s82 

s160 

x81 

x82 

x160 

R1 

y1 

y2 

SEGMENT-2 SEGMENT-2 

s6321 

s6322 

s6400 

x6321 

x6322 

x6400 

R1 

y1 

y2 

SEGMENT-80 SEGMENT-80 

F1(a) F1(b) F2 

t b 

INPUT LAYER 

OUTPUT LAYER 



Chapter 8       Development of Single Layer ANNs 

142 
 

F1(b) and F2 layers are connected by two sets of weights, bottom up weights bji  

from each of the neurons of F2 layer to each neuron of the F1(b) layer and top down 

weights tij from each of the neurons of F1(b) layer to each neuron of the F2 layer. 

R is the reset unit which is connected to all the neurons of F1(a) as well as F1(b). 

Each neuron of F1(a) layer is connected to the corresponding neuron in F1(b) layer. 

Figure 8.17 depicts a model which is designed to test only two ambiguous characters ‗B‘ 

and ‗D‘.  

Input layer of ART1 is divided into eighty equal segments. Each segment can 

accept one row of the character image matrix. The output layer of ART1 is also divided 

into 80 equal groups. ART1 is used in each segment of input-output combination. For 

each input vector a counter is used to count the majority of fired neurons to identify a 

particular character. 

 

8.4.2 Methodology of RSA-net 

Two English alphabets having ambiguous portions are chosen. It has been 

observed that the characters ‗B‘ and ‗D‘ have some ambiguous portions as shown in 

Figure 8.18. 

The working of RSA-net is given by Algorithm 8.5. 

 

 

Figure 8.18: Alphabets having Ambiguous Portions 

 

8.4.2.1 Training the RSA-net to obtain the Standard Weights 

The segmented rows of the characters are presented to the RSA net. The row 

vectors, [s1...s80], [s81...s160] … [s6321...s6400] are presented to F1(a) layer and the signals 

are sent to the corresponding F1(b) layer. F1(b) units are broadcasted to the ‗F2‘ layer with 

the bottom up weights bij. ‗F2‘ units compute its net output and the units compete for the 

right to be active. The activation is set to 1 for the unit with the largest net output, the 

B D Ambiguous 

Portions 
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alternative unit have an activation equal to 0. The index of the winning unit is set to ‗J‘. 

The winning unit becomes the candidate to learn the input pattern. A signal is sent down 

from ‗F2‘ to F1(b) layer multiplied by the top down weights tji. The ‗x‘ units of F1(b) layer 

remains ‗on‘ only if they receive non zero signals from both F1(a) and ‗F2‘ units. ||x|| is 

the norm of the vector ‗x‘ and it gives the number of components in which the top down 

weight vector for the winning ‗F2‘ unit tJ and the input vector ‗s‘ are both 1. It is also 

called a match. ||s|| is the norm of the vector‗s‘ which is represented by ∑i si. If the ratio 

of norm ‗x‘ to norm ‗s‘ is greater than or equal to the vigilance parameter, the weights 

(top down and bottom up) for the winning character is adjusted. 

 

biJ(new) = Lxi/(L-1+||x||) 

tJi(new) = xi 

 

‗L‘ is the parameter used to update bij. If the ratio is less than vigilance parameter 

‗ρ‘, the candidate unit is rejected, and another candidate is chosen. The current winning 

cluster unit becomes inhibited, so it cannot be chosen again as a candidate on this 

learning trial, and activations of the ‗F1‘ units are reset to 0. The same input vector again 

sends its signal to the interface units, which again send this as the bottom up signal to the 

‗F2‘ layer and the competition is repeated without the participation of the inhibited units. 

The process is continued until either a satisfactory match is found i.e. a candidate is 

accepted or all the units are inhibited. The user decides the action if all the units are 

inhibited.  

The value of the vigilance parameter may be reduced which allow less similar 

patterns to be placed on the same cluster, or to increase the number of cluster units or to 

designate the current input pattern as an outlier that could not be clustered. The ANN has 

been trained for few variations of the characters ‗B‘ and ‗D‘. It has been observed that 

top and bottom rows of the characters are ambiguous. The ambiguous rows may end up at 

any cluster after training. The unambiguous rows are supposed to end up at their 

corresponding cluster after the training. 
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Figure 8.19: Conceptual diagram of RSA-net Training 

 

8.4.2.2 Testing the RSA-net 

Few variations of ‗B‘ and ‗D‘ are presented to the net for testing. A counter is used 

to find out the majority of neuron fires which identify a particular character. Figure 8.19 

depicts the conceptual diagram of RSA-net training. 

 

 

 

Figure 8.20: Conceptual diagram of RSA-net Testing 

 

For example, if the first neuron fires in six or more than six output segments 

character ‗B‘ is identified and if the second neuron fires in six or more than six output 

segments character ‗D‘ is identified. Figure 8.20 depicts RSA-net testing. 
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Algorithm 8.5 (RSA): Working of RSA-net 

STEP 1.  Consider a single layer ANN with the following dimensions: 

 Input matrix as ‗80 x 80‘ and output matrix as ‗80 x 4‘. 

 

STEP 2. Segment the input matrix row wise into 80 rows of size 80 pixels each and  

group the output matrix into 80 of length 4 each. Each input segment is fully 

interconnected with each of the corresponding output group. The dimension of 

each weight matrix for an input-output combination is ‗80 x 4‘. There are 80 such 

weight matrices. 

 

STEP 3. Initialize all weights to 0 and set the learning rate ‗α‘ to 1 for simplicity. 

 

STEP 4. Apply ‗Adaptive Resonance Theory 1‘ to each pair of input-output combination 

to train the net with standard characters. 

 

STEP 5. Repeat Steps 6 to 10 for each test character: 

 

STEP 6. Present the test character to the trained ANN. 

 

STEP 7. Set ‗counter‘ to 0 for each known pattern (representing an alphabet)  

for the test character. 

 

STEP 8. Check the output matrix and each group for the known patterns. 

 

STEP 9. For each known pattern found in the output, increment ‗counter‘ by  

1. 

 

STEP 10. Consider, the known pattern showing the maximum value of counter as  

the winner. If there are no more test characters STOP and EXIT. 

 

STEP 11. STOP. 
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8.4.3 Performance Analysis of RSA-net 

MATLAB software has been used to test the performance of the ANN.  Five 

variations of characters ‗B‘ and ‗D‘ are used to test the ANN. 

Parameters used in the testing of RSA: 

Number of characters taken = 2 

Number of rows in each character = 80 

Size of each row = 80 

Number of components in each input vector = 80 

Maximum number of clusters = 2 

Dimension of each top down weight matrix tij = 80 x 2 

Dimension of each bottom up weight matrix bij = 80 x 2 

Training Algorithm used = ART1 

Vigilance parameter, ρ = 0.4 

Parameter used to update bij, L = 2 

Initial bij(0) = 1/(n+1) 

Initial tij(0)=1 

Number of samples presented for testing = 10 

Total number of samples identified by the net = 8 

The result produced by the RSA-net is good even if it is tested for two characters. 

The accuracy is 80% and is found very well for identifying the characters having 

ambiguous portions. But, this net has a serious problem. At the output layer the numbers 

of neurons are equal to the number of characters that are used to train the ANN and this 

criterion makes the RSA-net complex.   

 

8.5 Conclusion 

In this chapter different single layer ANN models like RST-net, CSIM-net, IPST-

net and RSA-net, which are designed for this work, are discussed.  The performances of 

these ANNs are analyzed. These ANNs are based on the segmentation of input vectors in 

different ways and their performances are compared. It has been found that CSIM-net 

generates the best result among the single layer ANNs. RSA-net proved to be good for  
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characters having ambiguous portions but RSA-net is not considered for further 

development because the number of neurons in the output layer cannot be minimized.  

The maximum performance of the single layer ANNs developed and discussed in this 

chapter is 84.77%, which has been generated by CSIM-net. 

RSA has been discussed here as a single layer ANN because the ART1, a multiple 

layer ANN model, is just replaced by perceptron in RST in order to identify the 

ambiguous characters. 



 

 
 

Chapter 9 

Development of Multiple Layer ANNs 

 

Sometimes it is necessary to add one or more additional hidden layers in single 

layer ANNs, in order to achieve better performance. Addition of hidden layers improves 

the performance of ANNs and helps them identify those test samples which are deviated 

from their original position to a larger extent. Actually, hidden layers are used to put 

more weights on those input segments that contribute the most in a character image. A 

vector segment having greater number of pixels than a vector segment which consists of 

comparatively lesser number of pixels contributes more in identifying a particular 

character. Hidden layers are also used to generate unique codes for different characters.  

Multiple layer ANNs such as Arrow-Segmentation of Image Matrix (ASIM), Hoof 

Segmentation of Image Matrix (HSIM) and Pixel Density Gradient (PDG) Method are 

developed to identify handwritten characters 

 

9.1   Character Recognition using Arrow Segmentation of Image Matrix 

(ASIM)  

A number of methods have already been developed and tried to recognize 

handwritten characters with ease and accuracy. The models developed using Artificial 

Neural Networks (ANNs) proved very efficient in doing so [161].  

The input character image matrix has been compressed into a lower dimension 

matrix. This compressed matrix is segmented in such a way that takes a row as well as a 

column of the image matrix at a time, forming the shape of an arrow. This is called 

Arrow Segmentation of Image Matrix (ASIM). Several such arrows of different sizes are 

formed from the input image matrix and presented to the ANN for training. 

The idea of forming arrow sized input segments, is to take the character pattern 

information from different portions of the character image matrix. There is a possibility 

of finding out common patterns among different alphabets written by different 

                                                           
 Based on author’s Publication no. 3 [Appendix B] 
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individuals. An attempt has been made through this Arrow Segmentation of Image 

Matrix (ASIM) to recognize handwritten characters using ANN.  

The overall program has been divided into three parts, compression of the input 

image matrix, segmenting the compressed matrix forming arrows of different sizes and 

training of the ANN. Finally, testing has been done by providing characters extracted out 

of the sample Paragraph Sets used to test the performances of different ANNs developed 

in this work. 

 

9.1.1 Architecture of ASIM-net 

ASIM-net consists of three layers of neurons and two layers of weights, as shown 

in Figure 9.1. Input neuron layer is represented by vector ‗x‘, hidden neuron layer is 

represented by vector ‗y‘ and the output neuron layer, also called the final decisive layer, 

is represented by vector y_f_ok. Input neuron layer is divided into eight segments where 

each segment consists of varying number of neurons. The first segment consists of 19 

neurons, the second segment consists of 17 neurons and so on, (Figure 9.2). Considering 

the last two segments that contains only three bits in the 9
th

 segment and one bit in the 

10
th

 segment creates ambiguity problem as these two segments are almost identical for 

most of the character patterns. So, the last two segments are not considered in the ANN. 

Hidden layer also consists of eight segments where each segment consists of ten 

neurons. Each segment in the hidden layer corresponds to a particular segment in the 

input layer. Length of the segments in the input layer depends upon the size of the arrow 

and length of the segment in the hidden layer is taken as ten in order to classify ten 

distinct alphabets. The output layer consists of ten neurons. The neurons present in each 

segment of the input layer are completely interconnected with the corresponding segment 

in the hidden layer. 

The weight layer between input neuron layer and the hidden neuron layer has been 

represented by the vector ‗w‘. Weights taken between input layer and the hidden layer are 

initialized to zero. 
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Figure 9.1: Neural Network Representing ASIM-net 
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The weight layer between hidden neuron layer and the output neuron layer is 

represented by the vector ‗v‘. Weights taken between hidden neuron layer and the final 

decisive layer are fixed. First neuron of each segment in the hidden layer is connected to 

first neuron in the final decisive layer, second neuron connected to second neuron and so 

on. The neurons present in the hidden neuron layer of the first segment contributes with 

maximum weights to the final decisive layer as it is trained by maximum number of 

neurons in the input layer, second segment contributes with comparatively less weight 

and so on. 

 

9.1.2 Methodology of ASIM-net 

Each binary input character image matrix of dimension ‗80 x 80‘ obtained after 

preprocessing is further compressed into a comparatively lower order matrix of 

dimension ‗10 x 10‘. 

 

 

 1 2 . 4 . . 10 

1 * * * * * * * 

2 * * * * * * * 

. * * * * * * * 

4 * * * * * * * 

. * * * * * * * 

. * * * * * * * 

10 * * * * * * * 

 

 

 

 

 

19 17 15 13 11 . . 

 

Figure 9.2: Conceptual diagram of ASIM-net 
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This matrix has been segmented in such a way that each segment takes one row 

from the top and one column from the extreme left (one pixel less than the row taken) 

from the top forming an arrow so that pixels contained in the first segment is 10 + 9 = 19 

as shown in Figure 9.2. Remaining portion of the matrix vector is segmented in the same 

way. All these segments are presented to the ANN one by one for training purpose. 

Once the standard weights are found, test characters are presented to the trained 

ANN. While, training the ANN, it is found in some characters that the arrow segments 

containing very less number of neurons produces an infinite loop indicating similar 

patterns for some alphabets. Training of two identical patterns for different targets never 

allows the net converge to produce correct results. If we just change one bit in the 

identical patterns, that does not make any huge difference in the originality of the pattern 

but removes the ambiguity. There are ten neurons for identifying ten distinct characters in 

each output segment. The neurons in the hidden layers are further connected to ten 

neurons in the output layer by different weights where each neuron identifies a particular 

character.  

The segment consisting of maximum number of elements of the image matrix 

vector will contribute with maximum weight to identify the character. The final neuron 

with the maximum value, which is called final decisive output, will be the winner to 

identify the character.  

 

9.1.2.1 Removing Ambiguity 

It has been found that two identical patterns can‘t be trained to identify two 

different output patterns and so it is necessary to remove identical patterns present in 

different characters. All the character patterns presented to the ANN are compared 

mutually to find any presence of identical pattern. This is done by comparing the first 

character pattern to be presented to the ANN with the remaining patterns bitwise. If any 

pattern is found identical to the first pattern, then the rightmost bit of that pattern is 

complimented to make it different from the first one. Same process is repeated with the 

second character pattern with the remaining patterns and so on. In this process two non 

identical patterns may become identical. To ensure this mutual comparisons are 

performed till all the character patterns are found non identical.  
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9.1.3 Training the ASIM-net 

The sample characters used to train all the ANNs developed and discussed earlier, 

are used to train ASIM-net also. The weights between input and hidden layer are initially 

set to zero. Each segment of the ASIM-net, (Figure 9.1) has been trained using 

perceptron learning rule [63]. After training, the ANN for few epochs, the standard 

weights are obtained.  These weights thus obtained remain same for the next few epochs 

and is considered as the final standard weights for testing the ANN. 

 

9.1.3.1 Training using Modified Input Data Sets 

Arrow segmentation (or scanning) is done in such a peculiar way, which may 

sometimes skip some important features present in those portions of the character matrix 

which lies outside the arrow. To solve this problem the ANN are trained using character 

matrixes with different orientations. This is permissible as character is no longer a 

character now, but may be thought of a pattern of pixels. It is found that this helps much 

in obtaining the features lying out of the scope of the arrow segments in the character 

matrix. So, instead of segmenting the character matrix from only one corner if considered 

from all other three corners also then possibility of obtaining common features increases.  

Thus, input character matrix A obtained after compression is transposed in the following 

way: 

 

B = A
T
 

C = B
T
 

D = C
T
 

and, presented to the net for training or testing as the case may be. Weight vectors W1, 

W2, W3 and W4 are obtained by presenting matrixes A, B, C and D matrices to the ANN, 

separately in the training phase. 

This type of modified input vectors are not at all significant in single layer ANNs 

because the segments are considered row-wise, column-wise or block-wise covering the 

whole character matrix leaving very less space to skip features in any portion and so 

omitted. 
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9.1.4 Testing the ASIM-net 

An extra layer with fixed weights has been implemented here to test the character 

sets extracted out from the Paragraph Sets. The final output layer, called the final decisive 

layer, consists of ten neurons. The neuron having the maximum value, also called the 

decisive output factor, wins to choose a character. Each neuron recognizes a particular 

character, like neuron-1 identifies the first character; neuron-2 identifies the second 

character and so on. The neurons responsible for recognizing a character is connected to 

the neuron in the decisive layer with different weights. Maximum weight is given to the 

link between the segments which is having maximum number of neurons. A decisive 

output factor is calculated for each neuron in the decisive output layer. The neuron with 

the maximum decisive output factor (y_f_ok ) is the winner to identify the character.  

 

y_f_ok =  0.10*y1(k) + 0.09*y2(k)  + 0.08*y3(k) + 0.07*y4(k) + 0.06*y5(k) + 0.05*y6(k) + 

0.04*y7(k) + 0.03*y8(k)          …..Equation 9.1 

   

y_f_ok is the decisive output factor for the k
th

 neuron in the output layer. y1(k), 

y2(k) …. y8(k) are outputs produced by the different segments of the middle layer by ten 

characters and  0.10, 0.09 …. 0.03 are the weights of different segments of the hidden 

layer connecting to the output layer as shown in equation 9.1. The weights are chosen 

depending upon the number of elements in a particular segment. For example, segment-1 

having 19 elements, the weight chosen is 0.10, which is calculated as shown in equation 

9.2. 

 

v = ┌
 
number of elements/2┐/100       …..Equation 9.2 

 

19/2 gives 9.5. In order to simplify the calculation ceiling of the number is taken. The 

result is further divided by 100 in order to reduce the weights. Low values of weights are 

taken in order to simplify the calculations. The weights are chosen in this way because 

more the number of neurons in a segment more is the information the segment is 

contributing to the ANN to identify a character. 
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 Algorithm 9.1 (ASIM): Working of ASIM-net   

STEP 1. Scan ‗N‘ number of characters to be trained and convert each into a binary  

   matrix of dimension ‗m x m‘. 

 

STEP 2. Apply Algorithm 8.2 ‗Compression‘ on each ‗m x m‘ matrix and compress into 

‗n x n‘ matrix, where ‗m>n‘. 

 

STEP 3. Form ‗n-2‘ number of arrow segments from each compressed matrix in such a  

way, so that each segment consists of a row of length ‗q‘ and a column of  

length ‗q-1‘ starting from the topmost row and extreme left column for the input 

layer. [The value of ‗q‘ is decremented by 1 for the next segment.] 

 

STEP 4. Form ‗n-2‘ number of segments each consisting of 10 neurons for the hidden  

neuron layer. 

 

STEP 5. Completely interconnect all the neurons of each segment in the input layer to all  

   the neurons of each corresponding segment in the hidden layer. 

 

STEP 6. Initialize weight matrix ‗w‘ between input layer and hidden layer to all 0s. 

 

STEP 7. Apply perceptron learning rule to each segment and find out the standard   

   weights. 

 

STEP 8. Add an additional layer with fixed weights called the final decisive layer  

consisting of ten neurons. [From each segment in the hidden layer all the ten 

neurons are connected to the ten neurons in the output layer with fixed as shown 

in Figure 9.1.] 

 

STEP 9. Present the compressed test characters to the ASIM-net and find out ‗y_f_ok‘ for  

   each ‗k‘ as shown in Equation 9.1. 
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STEP 10. Depending upon the value of ‗y_f_ok‘ identify the character. 

 

STEP 11. STOP. 

 

9.1.4.1 Testing using Modified Input Data Sets 

It is observed experimentally that the chances of finding the maximum decisive 

output factor (y_f_ok), responsible for identifying the character increase, if different 

(y_f_ok)s are obtained by presenting transposed matrixes with corresponding standard 

weights to the ANN. The test samples are transposed thrice to obtain four input vectors. 

The standard weights already obtained while training is used to find out the maximum 

decisive output factors (y_f_ok) for these four input vectors. The average value of the 

four ‗y_f_ok‘ yields a better value for identification. It increases the efficiency of ANN to 

a great extent. Algorithm 9.2 depicts the new scheme of training and testing of ASIM-net.   

 

Algorithm 9.2  (Modify_Input): Modification of Input Vectors  

STEP 1. Let us consider the equivalent binary matrix ‗A‘ of the character to be trained. 

 

STEP 2. Find out the matrixes ‗B‘, ‗C‘ and ‗D‘ in the following way: [Where each new 

matrix is the transpose of previous one] 

 B = A
T
 

C = B
T
 

D = C
T 

 

and presented to the net for obtaining different sets of standard weights 

 

STEP 3. Present the matrixes ‗A‘, ‗B‘, ‗C‘ and ‗D‘ to the ANN separately for training and  

generate corresponding weights ‗W1‘, ‗W2‘, ‗W3‘ and ‗W4‘. 

 

STEP 4. Consider the test character matrix ‗A_TEST‘ and find out ‗B_TEST‘, ‗C_TEST‘ 

and ‗D_TEST‘ by using transpose method. 

 

STEP 5. Find the values of ‗y_f_ok‘ for ‗A_TEST‘, ‗B_TEST‘, ‗C_TEST‘ and ‗D_TEST‘  
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separately while testing by using the weights ‗W1‘, ‗W2‘, ‗W3‘ and ‗W4‘. 

 

STEP 6. Calculate the following: 

y_f_ok(AVG)=[y_f_ok(A_TEST)+y_f_ok(B_TEST)+y_f_ok(C_TEST)+y_f_ok(D_TEST)]/4 

[Where, y_f_ok(AVG) is the average value of decisive output factor and 

y_f_ok(A_TEST), y_f_ok(B_TEST), y_f_ok(C_TEST) and y_f_ok(D_TEST) are 

the decisive output factors generated by matrixes obtained by transposing.] 

 

STEP 7. STOP. 

 

9.1.5 Performance Analysis of ASIM-net 

MATLAB software has been used to test the accuracy of the ASIM-net. The 

characters extracted from the Paragraph Sets (Section 6.2.6) are taken for testing the 

performance of the ASIM-net also. The response of the experiment shows encouraging 

results. The Paragraph Sets are actually text paragraphs taken from different individuals 

for the testing purpose. 

 

Neural Network Parameters used in the Experiment: 

Number of neurons in the input vector = 6400 

Number of neurons in the compressed vector = 100 

Number of input pattern segments = 8 

Number of pattern segments in the hidden layer= 8 

Number of neurons in first input pattern segment = 19 

Number of neurons in second input pattern segment = 17 

Number of neurons in third input pattern segment = 15 

Number of neurons in fourth input pattern segment = 13 

Number of neurons in fifth input pattern segment = 11 

Number of neurons in sixth input pattern segment = 9 

Number of neurons in seventh input pattern segment = 7 
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Table 9.1:  Identification of Characters of Paragraph Set-1 using ASIM-net 

 

Alphabets Number of Segmented 

characters  

Correctly 

recognized 

Percentage of 

accuracy 

‗C‘ 89 75 84.27% 

‗a‘ 95 84 88.42% 

‗t‘ 80 70 87.50% 

‗s‘ 92 87 94.57% 

‗A‘ 100 92 92.00% 

‗n‘ 80 71 88.75% 

‗d‘ 90 74 82.22% 

‗D‘ 92 61 66.30% 

‗o‘ 98 78 79.59% 

‗g‘ 70 64 91.43% 

Total 886 756 85.33% 

 

Number of neurons in eighth input pattern segment = 5 

Number of Neurons in each segment of the hidden layer = 10 

Dimension of weight matrix between the first input-hidden segment = 19 x 10 

Dimension of weight matrix between the second input-hidden segment = 17 x 10 

Dimension of weight matrix between the third input-hidden segment = 15 x 10 

Dimension of weight matrix between the fourth input-hidden segment = 13 x 10 

Dimension of weight matrix between the fifth input-hidden segment = 11 x 10 

Dimension of weight matrix between the sixth input-hidden segment = 9 x 10 

Dimension of weight matrix between the seventh input-hidden segment = 7 x 10 
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Figure 9.3: Percentage of Accuracy of Paragraph Set-1 by ASIM-net  

 

Table 9.2:  Identification of Characters of Paragraph Set-2 using ASIM-net 

 

Alphabets Number of 

Segmented characters  

Correctly 

recognized 

Percentage of accuracy 

‗M‘ 100 84 84.00% 

‗y‘ 71 61 85.91% 

‗F‘ 91 85 93.41% 

‗i‘ 60 50 83.33% 

‗v‘ 73 61 83.56% 

‗e‘ 89 72 80.90% 

‗C‘ 90 80 88.89% 

‗o‘ 92 88 95.65% 

‗w‘ 71 51 71.83% 

‗s‘ 83 69 83.13% 

Total 820 701 85.49% 

 

  

0.00%
10.00%
20.00%
30.00%
40.00%
50.00%
60.00%
70.00%
80.00%
90.00%

100.00%

‘C’ ‘a’ ‘t’ ‘s’ ‘A’ ‘n’ ‘d’ ‘D’ ‘o’ ‘g’

A
cc

u
ra

cy

Characters

Percentage of accuracy

Percentage of accuracy



Chapter 9       Development of Multiple Layer ANNs 

160 
 

Dimension of weight matrix between the eighth input-hidden segment = 5 x 10 

Number of neurons in output layer = 10 

Dimension of weight matrix between the hidden-output layer = 8 x 10 

Training Algorithm used = Perceptron 

Number of Epochs = 3 

Threshold () = 0.2 

Learning Rate () = 1 

The accuracy of the system is shown in Table 9.1 and Table 9.2. 

Accuracy generated by Paragraph Set 1 = 85.33% 

Accuracy generated by Paragraph Set 2 = 85.49% 

Average Accuracy of ASIM-net= 85.41% 

 

Figure 9.3 displays the column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-1 by ASIM-net. Figure 9.4 displays 

column-chart showing the percentage of accuracy of identifying different characters of 

Paragraph Set-2 by ASIM-net. 

 

 

 

Figure 9.4: Percentage of Accuracy of Paragraph Set-2 by ASIM-net 
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9.2 Character Recognition using Hoof Segmentation of Image Matrix 

(HSIM)

  

Hoof Segmentation of Image Matrix (HSIM) approach has been used to simplify 

the feature extraction method to identify varying character patterns. Segments can be 

formed in different shapes and presented to the ANN for training and testing purpose [63, 

191]. Segments are generated from different characters in horse hoof like structures and 

presented to a multiple layer ANN, developed here, for training and testing. Common 

features are extracted out by identifying different horse hoof like shapes generated from a 

character image matrix. 

The input image matrix is compressed into a lower dimension matrix and 

segmented in such a way that takes one row and two columns of the image matrix 

forming the shape of a horse hoof.  Many hoofs of different sizes are generated from the 

input image matrix and presented to the ANN for training. 

The overall program has been divided into three parts, compression of the input 

image matrix, segmenting the compressed matrix forming hoof like segments of different 

sizes and training the ANN. Finally, testing has been done by providing characters 

extracted out of the same Paragraph Sets as used to test the performances of different 

ANNs developed here. 

 

9.2.1 Architecture of HSIM-net 

HSIM-net (Figure 9.5) consists of three layers of neurons and two layers of 

weights. Input neuron layer is represented by vector ‗x‘, hidden neuron layer is 

represented by vector ‗y‘ and the output neuron layer also called the final decisive layer 

is represented by vector y_f_ok as shown in Figure 9.5.  

Input layer has been divided into five segments where each segment consists of 

varying number of neurons. The first segment consists of 28 neurons, the second segment 

consists of 24 neurons and so on. Hidden layer also consists of five segments where each 

segment consists of ten neurons. Each segment in the hidden neuron layer corresponds to 

a particular segment in the input neuron layer. 

                                                           
 Based on author’s Publication no. 13 [Appendix B] 
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Figure 9.5: Neural Network Representing HSIM-net 
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Length of the segments in the input neuron layer depends upon the size of the hoof 

like structures and length of the segment in the hidden layer is taken as ten in order to 

classify ten distinct alphabets. The output neuron layer consists of ten neurons. The 

neurons present in each segment of the input neuron layer are completely interconnected 

to the corresponding segment in the hidden neuron layer.  

The weight layer between input neuron layer and the hidden neuron layer has been 

presented by the vector ‗w‘. Weights taken between input neuron layer and the hidden 

neuron layer are initialized to all 0s. The weight layer between hidden layer and the 

output layer is represented by the vector ‗v‘. The weights taken between hidden layer and 

the final decisive layer have been fixed. First neuron of each segment in the hidden layer 

is connected to first neuron in the final decisive layer, second neuron connected to second 

neuron and so on.  

Neurons present in the hidden layer of first segment contribute maximum weights 

to the final decisive layer as it is trained by maximum number of neurons in the input 

layer. Neurons of second segment contribute comparatively less weight and so on. 

 

9.2.2 Methodology of HSIM-net 

Each preprocessed binary input character image matrix of dimension ‗80 x 80‘ 

has been further compressed into a comparatively lower order matrix of dimension ‗10 x 

10‘. This matrix is segmented taking one row from the top, one column from the extreme 

left (one pixel less than the row taken) and one column from the extreme right (one pixel 

less than the row taken)  forming an hoof like structure so that pixels contained in the 

first segment is 10 + 9 + 9 = 28 as shown in Figure 9.6. Remaining portion of the matrix 

vector is segmented in the same way. 

All these segments are presented to the ANN one by one for the training purpose. 

Once the standard weights are found, test characters are presented to the trained ANN for 

the testing purpose. Ambiguities due to identical patterns can be removed by applying the 

method as used in ASIM-net. There are ten neurons for identifying ten distinct characters 

in each output segment. The neurons in the hidden neurons layers are further connected 

to ten neurons in the output layer by different weights where each neuron identifies a 

particular character. 
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Figure 9.6: Conceptual diagram of HSIM-net 

 

  The segment consisting of maximum number of neurons of the image matrix 

vector contributes maximum weight to identify the character. The final neuron with the 

maximum value, which is called final decisive output, is considered as the winner to 

identify the character. 

 

9.2.3 Training the HSIM-net to obtain the Standard Weights 

The characters used to train all the ANNs developed and discussed here have been 

used to train HSIM-net. The weights between input and hidden layers are initially set to 

all 0s. Each segment of the HSIM-net, Figure 9.5, has been trained using perceptron 

learning rule [63]. After training the ANN for few epochs, the final weights are obtained. 

The final weights obtained remain same for the next few epochs and has been considered 

as the standard weights for testing purpose. 

Number of pixels in 

each hoof segment 

Number of Columns 

Number of Rows 
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9.2.3.1 Training using Modified Input Data Sets 

The ANN is trained using the method as discussed in section 9.1.3.1 to enhance 

the performance of the net. 

 

9.2.4 Testing the HSIM-net 

Another layer with fixed weights has been implemented to test the character sets 

extracted out from the Paragraph Sets (Section 6.2.6). The final output layer, called final 

decisive layer, consists of ten neurons. The neuron having the maximum value, also 

called decisive output factor, wins to choose a test character. Each neuron recognizes a 

particular test character, like neuron-1 identifies the first character, neuron-2 identifies 

the second character and so on. The neurons responsible for recognizing a character is 

connected to the neuron in the decisive layer with different weights. Maximum weight 

has been given to the link between the segments which is having maximum number of 

neurons. The decisive output factor has been calculated for each neuron in the decisive 

output layer. The neuron with the maximum decisive output factor is the winner to 

identify the character. 

y_f_ok is the decisive output factor for the k
th

 neuron in the output layer.  y1(k), 

y2(k) …. y5(k) are outputs produced by the different segments of the hidden neuron layer 

by ten characters and  0.10, 0.08, …. , 0.04 are the weights of different segments of the 

hidden neuron layer connecting to the output neuron layer as shown in equation 9.3.  

 

y_f_ok = 0.10*y1(k) + 0.08*y2(k)  + 0.07*y3(k) + 0.06*y4(k) +  0.04*y5(k) …Equation 9.3 

 

 Depending on the number of neurons in a particular segment weights are chosen. 

For example, segment-1 having 28 neurons, the chosen weight is 0.10. which is 

calculated as shown in Equation 9.4. Here,  28/3 gives 9.33.  In order to simplify the 

calculation ceiling of the number is taken which is 10. 

 

v = ┌
 
number of elements/3┐/100                           …..Equation 9.4 
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The result is further divided by 100 in order to reduce the weights. Low values of 

weights are taken only to simplify the calculations. Weights are chosen in this way 

because it is found more the number of neurons in a segment more is the information the 

segment is contributing to the ANN, used to identify a character. 

 

Algorithm 9.3 (HSIM): Working of HSIM-net   

STEP 1. Scan ‗N‘ number of characters to be trained and convert each into a binary  

   matrix of dimension ‗m x m‘. 

 

STEP 2. Apply Algorithm 8.2 ‗Compression‘ on each ‗m x m‘ matrix and compress into  

‗n x n‘ matrix, where ‗m>n‘. 

 

STEP 3. Form hoof structure like segments from each compressed matrix in such a  

 manner so that each segment consists of a row of length ‗q‘ and two columns of  

 length ‗q-1‘  starting from the topmost row and extreme left and right columns      

for the input neuron layer. [Where, the value of ‗q‘ is decremented by 1 for the 

next segments.] 

 

STEP 4. Form an equal number of segments as in input neuron layer, each of length 10,  

for the hidden layer. 

 

STEP 5. Completely interconnect all the neurons of each segment in the input neuron  

layer to all the neurons of each corresponding segment in the hidden neuron layer. 

 

STEP 6. Initialize weight matrix ‗w‘ between input neuron layer and hidden neuron layer  

to all 0s. 

 

STEP 7. Apply perceptron learning rule to each segment and find out the standard  

   weights. 

 

STEP 8. Add an additional neuron layer with fixed weights called the final decisive layer  
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 consisting of ten neurons. [Where, from each segment in the hidden layer all the  

10 neurons are connected to the ten neurons in the output layer with fixed as  

shown in Figure 9.5.] 

 

STEP 9. Present the compressed test characters to the HSIM-net and find out ‗y_f_ok‘ for  

   each ‗k‘ as shown in Equation 9.3. 

 

STEP 10. Depending upon the value of ‗y_f_ok‘ identify the character. 

 

STEP 11. STOP. 

 

9.2.4.1 Testing using Modified Input Data Sets 

The ANN is tested using the method as discussed in section 9.1.4.1 to enhance the 

performance of the net. 

 

9.2.5 Performance Analysis of HSIM-net 

MATLAB software has been used to test the accuracy of the HSIM-net. The 

response of the experiment shows satisfactory results. 

 

Neural Network parameters used in the experiment: 

Number of neurons in the input vector = 6400 

Number of neurons in the compressed vector = 100 

Number of input pattern segments = 5 

Number of pattern segments in the hidden layer= 5 

Number of neurons in first input pattern segment = 28 

Number of neurons in second input pattern segment = 24 

Number of neurons in third input pattern segment = 20 

Number of neurons in fourth input pattern segment = 16 

Number of neurons in fifth input pattern segment = 12 

Dimension of weight matrix between the first input-hidden segment = 28 x 10 

Dimension of weight matrix between the second input-hidden segment = 24 x 10  
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Table 9.3:  Identification of Characters of Paragraph Set-1 using HSIM-net 

 

Alphabets Number of 

Segmented 

characters  

Correctly recognized Percentage of accuracy 

‗C‘ 89 65 73.03% 

‗a‘ 95 88 92.63% 

‗t‘ 80 69 86.25% 

‗s‘ 92 81 88.04% 

‗A‘ 100 96 96.00% 

‗n‘ 80 75 93.75% 

‗d‘ 90 82 91.11% 

‗D‘ 92 78 84.78% 

‗o‘ 98 76 77.55% 

‗g‘ 70 63 90.00% 

Total 886 773 87.25% 

 

 

 

Figure 9.7: Percentage of Accuracy of Paragraph Set-1 by HSIM-net  
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Dimension of weight matrix between the third input-hidden segment = 20 x 10 

Dimension of weight matrix between the fourth input-hidden segment = 16 x 10 

Dimension of weight matrix between the fifth input-hidden segment = 12 x 10 

Dimension of weight matrix between the hidden-output layer = 5 x 10 

Training Algorithm used = Perceptron 

Number of Epochs = 3, Threshold () = 0.2, Learning Rate () = 1 

The accuracy of the system is shown in Table 9.3 and Table 9.4. 

Accuracy generated by Paragraph Set 1 = 87.25% 

Accuracy generated by Paragraph Set 2 = 85.12% 

Average Accuracy of HSIM net= 86.19% 

Figure 9.7 displays the column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-1 by HSIM-net. Figure 9.8 displays the 

column-chart showing the percentage of accuracy of identifying different characters of 

Paragraph Set-2 by HSIM-net. 

 

Table 9.4:  Identification of Characters of Paragraph Set-2 using HSIM-net 

Alphabets Number of 

Segmented 

characters  

Correctly recognized Percentage of accuracy 

‗M‘ 100 91 91.00% 

‗y‘ 71 66 92.96% 

‗F‘ 91 78 85.71% 

‗i‘ 60 45 75.00% 

‗v‘ 73 61 83.56% 

‗e‘ 89 69 77.53% 

‗C‘ 90 77 85.56% 

‗o‘ 92 89 96.74% 

‗w‘ 71 57 80.28% 

‗s‘ 83 65 78.31% 

Total 820 698 85.12% 
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Figure 9.8: Percentage of Accuracy of Paragraph Set-2 by HSIM-net 

 

Multiple layered HSIM-net is a better approach than using a single layered HSIM-

net because addition of an extra layer improves the performance of the ANN. 

 

9.3   Character Recognition using Pixel Density Gradient (PDG) 

Method

  

Pixel Density Gradient (PDG) Method is an approach to design a self organizing 

map in order to identify handwritten characters by observing the gradient of the pixel 

densities at different segments of the handwritten characters. A self organized ANN is an 

unsupervised type of ANN where the net tends to converge towards the desired results 

using fixed weights. Different segments of the characters are observed carefully with the 

help of suitable computer programs and rigorous experiments. It has been found that the 

pixel densities at various segments of the character image matrix of different alphabets 

vary considerably. Gradient of pixel densities, in these segments, are used to generate 

unique codes for different alphabets, which are found standard for different variations of 

same alphabet. 

                                                           
 Based on author’s Publication no. 1 [Appendix B] 
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In order to identify handwritten characters, an attempt has been made by dividing 

the two dimensional image matrix of the character into different segments, where there is 

a possibility of finding variations in the pixel densities. A combination of different 

segments of the characters is used to find out unique codes. This helps to train the ANN 

to find out standard weights. PDG-net is an approach to extract out common features 

from characters by using the pixel gradient features. Different feature extraction 

techniques are already applied to recognize characters in different scripts. PDG-net is 

capable of finding variation (gradient) of the pixel densities, present in the character, in 

its different segments. So, this Pixel Density Gradient (PDG) net is nothing but a self 

organized ANN which extracts out common features of a particular character written at 

different instants of time by generating unique codes for the alphabets. 

A combination of pixel densities of different segments of the characters has been 

used to find out unique binary codes of size 10 bits. These codes are ultimately decoded 

into 10 lines representing the set of 10 English alphabets. These English alphabet sets 

may be a combinations of upper and lowercase characters. Test alphabets will specify 

which output line (out of 10 lines), represent which alphabet. 

 

9.3.1 Architecture of PDG-net 

PDG-net (Figure 9.9) consists of three neuron layers and two weight layers. Input 

neuron layer is represented by vector ‗x‘, hidden neuron layer is represented by vectors 

‗R‘ and ‗C‘ where ‗R‘ represents row segment outputs and ‗C‘ represents column 

segment outputs. There is another neuron layer, represented by vector ‗D_C‘, which 

generates the codes for different characters. Sometimes some characters produce 

ambiguous codes. 

The outputs produced by ‗D_C‘ has been fed to a black box containing a computer 

program which detects the difference between those characters that produce ambiguous 

codes and generates unique codes for each character. Output of the black box has been 

fed to a 10-to-10 line decoder which decodes the code to different characters. There are 

two weight layers represented by vector ‗v1‘ and ‗v2‘ as shown in Figure 9.9. Neuron 

layer-1 consists of [6400 + 4 = 6404] neurons, where the actual character is presented in 

the form of binary vector input. Row-wise segmentation of the input vector produces 
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rows in the form as shown by the vector [{x1, x2,….x80}, {x81, x82,….x160}, ……, {x6321, 

x6322, … x6400}] and Column-wise segmentation of the input vector produces columns in 

the form as shown by the vector [{x1, x81, …., x6321}, {x2, x82, …., x6322},…., {x80, x160, 

….x6400}]. 

Four additional neurons are appended to the vector of length 6400 in order to 

remove the ambiguities produced by different characters. To identify ten characters the 

worst case ambiguities may be produced by all the ten characters. At least four bits are 

required to produce ten different combinations. 

But, experimental results show hardly two to three such characters produce 

ambiguous codes. Eighty row and eighty column segments are generated from the first 

6400 neurons of the neuron layer-1. Neuron layer-2 consists of 160 neurons out of which 

first 80 neurons presents outputs generated by row segments and last 80 neurons presents 

outputs generated by column segments. 

Neuron layer-3 consists of ten neurons. First six neurons takes the output from 

different segments of the neuron layer-2 and last four neurons takes the outputs from 

neuron layer-1. Similarly, there are two fixed weight layers of PDG-net. 

Weight Layer-1 represented by vector ‗v1‘ is present between the Neuron Layer-1 

and Neuron Layer-2 and is always fixed to a value which is 1. Vector ‗v1‘ consists of 

[12800 + 4 =12804] elements, out of which first 6400 weight elements represents weights 

on row segments and next 6400 weight elements represents weights on column segments 

and last four links are directly connected to neuron layer-3. Weight Layer-2 represented 

by vector v2 is present between the Neuron Layer-2 and Neuron Layer-3 and is always 

fixed to a value which is 1. 

 

9.3.2 Methodology of PDG-net 

 In this method, weights are fixed as it is an unsupervised type of ANN and no 

training is required in advance to adjust the weights. The character samples used in the 

previous methods are also used in the PDG-net. The binary input character image 

matrices of dimension [80 x 80 = 6400] are taken for testing purpose.   
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Figure 9.9: Neural Network Representing PDG-net 
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Four bits are appended to the vector of size 6400 in order to remove ambiguities. 

No further compression is used in PDG-net as it may increase the ambiguities. 

Compression may be used for higher dimension matrices. 

 

9.3.2.1 Code Generation using Row Segments 

The binary character matrix of dimension ‗80 x 80‘ has been segmented row-wise 

into 80 segments where each row segment consists of 80 neurons as shown in Figure 

9.10. 

There are three neuron layers. Neuron Layer-1 accepts the input character vector in 

row major form. The activations of Neuron Layer-2 are calculated as shown in Equation 

9.5. Several equations in the article numbers 9.3.2.1 and 9.3.2.2, have been formulated 

through rigorous experiments and the results obtained thereof. 

 

Rj = {1 if R_totj>= β else 0}                    ……….. Equation 9.5 

 

‗Rj‘ is the activation of the neuron j, produced at Neuron Layer-2 and ‗β‘ is the 

threshold value which is set to 20. ‗Rj‘ calculates the density of dark pixels present in the 

row segments. ‗β‘  is set to 20  because it is found experimentally that the average pixel 

density is approximately equal to 20 in a particular row segment, if a line or curve is 

present in that segment. ‗R_totj‘ is the total number of the dark pixels produced at that 

particular row, as shown in Equation 9.6. 

 

R_totj  =  ∑iv1* xi  , where i = 1 to 80                                  ……………….Equation 9.6 

 

Between Neuron Layer-1 and Neuron Layer-2 there exists, Weight Layer-1 which 

is represented by vector ‗v1‘. ‗v1‘is fixed to 1. ‗xi‘ is the i
th

 element of the Neuron Layer-

1, which is the initial input pattern vector. Neuron Layer-3 consists of only 3 neurons, the 

activations of which are calculated as shown in Figure 9.10. 
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Figure 9.10: Forming Code Bits from Row Segments 
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DCk = {1 if DC_totK>= αr else 0}                ……….. Equation 9.7 

 

Here, ‗DCk‘ is the activation of the neuron ‗k‘ produced at Neuron Layer-3 and ‗αr‘ 

is the threshold value. ‗DCk‘ calculates the k
th

 bit of the code in the row segments. ‗αr‘  is 

set to 4 as the presence of dense black pixels consisting of positive value in four or more 

consecutive rows show the presence of a line or curve in that region. ‗DC_totk‘ is the 

total number of rows with dense pixels present in a particular code segment represented 

by ‗segmentk‘ as given below: 

 

DC_totk = ∑jv2* Rj                ………... Equation 9.8 

 

Where ‗j‘ = ‗n‘ to ‗m‘, if (‗k‘ = 1) {‗n‘ = 1 and ‗m‘ = 20} else if (‗k‘ = 2) {‗n‘ = 21 

and ‗m‘ = 60} else if (‗k‘ = 3) {‗n‘ = 61 and ‗m‘ = 80}. 

Figure 9.10 demonstrates the generation of first three bits of the pattern generated. 

Between Neuron Layer-2 and Neuron Layer-3, there is Weight Layer-2 represented by 

vector ‗v2‘ with all its elements fixed to 1. The value of ‗m‘ has been set to 20 or 30 

depending on the variation of gradient of pixel appearance in different row segments or 

portions of a character. 

 

9.3.2.2 Code Generation using Column Segments 

The binary character image matrix of dimension ‗80 x 80‘ has been segmented 

column-wise into 80 segments as shown in Figure 9.11, where each segment consists of 

80 neurons. Neuron Layer-1 accepts the input character in column major form.  Figure 

9.11 demonstrates the generation of next three bits of the pattern generated. Between 

Neuron Layer-1 and Neuron Layer-2 there exists Weight Layer-1 represented by vector 

‗v1‘ which is fixed to 1. Neuron Layer-2 consists of only 80 neurons, the activations of 

which are calculated as shown in Equation 9.9. 

 

Cj = {1 if C_totj>= βc else 0}                   ………….Equation 9.9 
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‗Cj‘ is the activation of the neuron ‗j‘ produced at Neuron Layer-2 and ‗βc‘ is the 

column threshold value which is set to 20. ‗Cj‘ calculates the density of dark pixels 

present in the column segments. 

 ‗βc‘  is set to 20 because it was found experimentally  that the average pixel 

density is approximately equal to 20 in a particular column segment, if a line or curve is 

present in that segment. ‗C_totj‘ is the total density of the pixels produced at that 

particular column as shown in Equation 9.10. 

 

C_totj = ∑iv1* xi      , where i =1 to 80                                     ……………  Equation 9.10 

 

Between Neuron Layer-2 and Neuron Layer-3 there exists Weight Layer-2 

represented by vector ‗v2‘ which is fixed to 1. Neuron Layer-3 consists of only 3 neurons, 

the activations of which may be calculated as shown in Equation 9.11. 

  

DCk = {1 if DC_totK>= αc else 0}                        ...Equation 9.11 

 

‗DCk‘ is the activation of the neuron ‗k‘ produced at Neuron Layer-3 and ‗αc‘ is the 

threshold value which is set to 4. ‗αc‘ is set to 4 because it shows the presence of dense 

dark pixels in four or more consecutive columns, which shows the presence of a line or 

curve there. ‗DCk‘ shows the k
th

 code bit of the column segments. ‗DC_totk‘ is the total 

number of columns with dense dark pixels present in a particular code segment as shown 

in Equation 9.12. 

 

DC_totk = ∑jv2* Cj             …..Equation 9.12 

 

Where ‗j‘ = ‗n‘ to ‗m‘, if (‗k‘ = 4) {‗n‘ = 1 and ‗m‘ = 20} else if (‗k‘ = 5) {‗n‘ = 21 

and ‗m‘ = 60} else if (‗k‘ = 6) {‗n‘ = 61 and ‗m‘ = 80} 

 

The bits obtained from the column segments of the characters forms the next three 

bits (i.e. 4
th

, 5
th

 and 6
th

) of the ten bit binary code segment. The PDG-net produces binary 

codes for all the characters under consideration. The binary codes produced for each 

character has been presented to a black box containing a computer program which 
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removes the ambiguities in the codes generated by two or more different characters. The 

unique binary codes produced by the black box for each character is decoded by a 10-to-

10 line decoder. The output of the decoder indicates the identified alphabet as discussed 

earlier. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.11: Forming Code Bits from Column Segments 
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9.3.2.3   Ambiguity Removal 

Some characters like ‗A‘ and ‗g‘ generate identical code pattern like ‗111111‘. Four 

bits are appended at the end of six bit code in order to remove such type of ambiguity. 

Ambiguity is removed by applying the following Algorithm 9.4. 

 

Algorithm 9.4 (Ambiguity Removal): Removing ambiguities 

STEP 1. Consider the first set of characters showing the identical patterns. 

 

STEP 2. Calculate the pixel densities in each segment of the characters producing  

identical code patterns and store the values in ‗sij‘. [Where, ‗sij‘ is the pixel 

density in j
th

 segment of the i
th

 character.] 

 

STEP 3. If a character shows a greater value of ‗sij‘ for any segment as compared to the  

other character\characters in the corresponding segment then change the last bit of 

the four bit additional pattern to ‗1‘. 

 

STEP 4. Repeat Steps 1 to 3 for all the characters producing identical code patterns: 

  

[For example in case of ‗A‘ and ‗g‘ the code pattern generated is ‗111111‘. 

Addition of the last four bits makes it ‗1111110000‘. Applying Steps 1 and 2 it is 

found that the pixel density in case of first row segment in case of ‗g‘ is far 

greater than that of ‗A‘. So, ‗g‘ is represented as ‗1111110001‘ while ‗A‘ remains 

‗1111110000‘. For more than two characters ‗0010‘ is appended to the second 

character showing some difference. Same process is repeated for all the characters 

generating identical patterns.] 

   

STEP 5. STOP. 
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9.3.2.4 Application of 10-To-10 Line Decoder to Decode the Unique Codes into 

Characters 

The unique codes, produced by all the characters after application of Algorithm 9.4, 

are fed to the 10-to-10 line decoder. The decoder decodes the input codes to ten 

characters. 

 

Algorithm 9.5 (PDGM): Working of PDGM 

STEP 1. Consider the binary character image matrixes of dimensions ‗80 x 80‘. 

 

STEP 2. Segment the binary character matrix row-wise into 80 segments where each row  

   segment consists of 80 neurons. 

 

STEP 3. Calculate the activations of neurons representing the rows in Neuron Layer-2  

   using Equation 9.5 and 9.6. 

 

STEP 4. Calculate the activations of neurons representing the code bits obtained from the  

    row segments in Neuron Layer-3 using Equation 9.7 and 9.8. 

 

STEP 5. Segment the binary character matrix column-wise into 80 segments where each  

   column segment consists of 80 neurons. 

 

STEP 6. Calculate the activations of neurons representing the columns in Neuron Layer- 

   2 using Equation 9.9 and 9.10. 

 

STEP 7. Calculate the activations of neurons representing the code bits obtained from the  

   column segments in Neuron Layer-3 using Equation 9.11 and 9.12. 

 

STEP 8. Append four 0 bits to each six bit binary codes generated by each character  

   presented to PDG-net. 

 

STEP 9. Apply Equation 9.3 to remove the ambiguities from the identical codes  
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   produced by different characters. 

 

STEP 10. STOP. 

 

9.3.3 Performance Analysis of PDG-net 

MATLAB software has been used to test the accuracy of the PDG-net. The 

characters extracted out of the paragraph sets (Section 6.2.6) are taken for testing the 

performance of the PDG-net. The response of the experiment shows good results. 

 

Different parameters of the PDG-net, under testing, are given as follows: 

Number of neuron layers in PDG-net = 3 

Number of weight layers in PDG-net = 2 

Number of neurons in Neuron Layer-1 = 6400 

Number of neurons in Neuron Layer-2 = 160 

Number of neurons in Neuron Layer-3 = 10 

Total Number of Neurons = 6570 

One 10-to-10 line decoder 

Fixed weights between Neuron Layer-1 & Neuron Layer-2 = 1 

Fixed weights between Neuron Layer-2 & Neuron Layer-3 = 1 

The accuracy of the system is shown in Table 9.5 and Table 9.6 

Accuracy generated by Paragraph Set 1 = 94.70%. 

Accuracy generated by Paragraph Set 2 = 94.63%. 

Average Accuracy of PDG-net= 94.67% 

 

Figure 9.12 displays the column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-1 by PDG-net. Figure 9.13 displays the 

column-chart showing the percentage of accuracy of identifying different characters of 

Paragraph Set-2 by PDG-net.  
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Table 9.5:  Identification of Characters of Paragraph Set-1 using PDG-net 

 

Alphabets Number of Segmented 

Characters Presented 

Correctly 

Recognized 

Percentage of Accuracy 

‗C‘ 89 83 93.26% 

‗a‘ 95 92 96.84% 

‗t‘ 80 76 95.00% 

‗s‘ 92 86 93.48% 

‗A‘ 100 100 100% 

‗n‘ 80 78 97.50% 

‗d‘ 90 84 93.33% 

‗D‘ 92 85 92.39% 

‗o‘ 98 95 96.93% 

‗g‘ 70 60 85.71% 

Total 886 839 94.70% 

 

 

 

 

 

Figure 9.12: Percentage of Accuracy of Paragraph Set-1 by PDG-net 

75.00%

80.00%

85.00%

90.00%

95.00%

100.00%

‘C’ ‘a’ ‘t’ ‘s’ ‘A’ ‘n’ ‘d’ ‘D’ ‘o’ ‘g’

A
cc

u
ra

cy

Characters

Percentage of accuracy

Percentage of accuracy



Chapter 9       Development of Multiple Layer ANNs 

183 
 

Table 9.6:  Identification of Characters of Paragraph Set-2 using PDG-net 

 

Alphabets Number of Segmented 

Characters Presented 

Correctly 

Recognized 

Percentage of Accuracy 

‗M‘ 100 100 100% 

‗y‘ 71 65 91.55% 

‗F‘ 91 88 96.70% 

‗i‘ 60 52 86.67% 

‗v‘ 73 70 95.89% 

‗e‘ 89 82 92.13% 

‗C‘ 90 86 95.56% 

‗o‘ 92 87 94.57% 

‗w‘ 71 66 92.96% 

‗s‘ 83 80 96.39% 

Total 820 776 94.63% 

 

 

 

 

 

Figure 9.13: Percentage of Accuracy of Paragraph Set-2 by PDG-net 
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9.4 Conclusion 

The segmentation of character image matrix into arrows, in the ASIM-net, has been 

performed in order to extract out features. This may sometimes lead to skipping of pixel 

features, present the outside the arrow segments. This may result in little degradation in 

performance of the net. An advantageous remedy also exists for this type of segmentation 

which is training by modified inputs. Training the ANN with modified input vectors 

yields very good results in case of ASIM-net. 

In case of HSIM-net, skipping of pixel features, outside the hoof is less as 

compared to ASIM-net because hoof segmentation covers better scope of the character 

image matrix. There is a meager chance of performance degradation because of feature 

skipping. Here also modified input vectors are used and very good results are obtained. 

The design of PDG-net is done in such a manner, so that the pixel gradients can be 

obtained from all the portions of the character image matrix. There is hardly any chance 

of feature skipping. This makes the mapping of the inputs into different clusters very 

simple as compared to the complex training of the ASIM-net and HSIM-net. Also, the 

results produced by the PDG-net shows much better performance as compared to other 

multiple layer ANNs. 



 

 
 

Chapter 10 

Results with Comparative Study  

 

To measure the success of the carried out work, analytical and comparative study is 

essential.  Result of the developed work has to be compared with the results of existing 

works and usefulness of the carried out work to be established. Comparison helps to find 

out pros and cons of any developed work as well as presence of any leakage or void. 

 An analytical and comparative study has been made to test the performances of all 

the ANN models developed here to recognize the handwritten text. Comparisons are done 

with the existing models as well as with the classical models.   Different samples of 

handwritten texts are used for the purpose. An interface has also been designed, using 

MATLAB software, to test the performances of all the models developed here. 

 

10.1 Development of interfaces 
 Three different interfaces designed, using MATLAB, are presented here to test the 

performances of different ANN models developed for the work. These interfaces are for 

i) Extracting out individual characters from the sentence / paragraph 

ii) Recognition of individual characters  and  

iii) Composing sentence with the identified characters.  

A handwritten paragraph has been displayed in Figure 10.1, where all the characters 

are extracted out. Individual characters are displayed in individual text boxes as shown in 

the interface. Here, all the characters are identified correctly. In case of any significant 

overlapping between the characters, where it is even very difficult to identify the 

individual characters by naked eye, the character text box displays the garbled image. 

This interface contains two command buttons, one text area and individual text boxes 

depending upon the number of characters identified in the paragraph for displaying the 

extracted characters.  

The command button ‗Load Text‘ loads the text paragraph and the command button 

‗Segment Text‘ segments out the individual characters from the paragraph. The extracted 

characters can be presented to the ANNs for recognition. 
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Figure 10.1: Interface Designed using MATLAB to extract out Individual 

Characters 

 

Figure 10.2 shows an interface designed to train the ANN by any one of the 

handwritten character recognition methods developed here and the classical ANNs, by 

putting the link of the code of the specific method inside the sub routine of the command 

button captioned ‗Train the Net for the Alphabet Set‘.  Each sentence of the paragraph 

contains ten characters. At most ten characters can be presented at a time for recognition. 

All the distinct characters in some standard form are presented to the ANNs for 

training purpose in case of supervised learning. In case of self organizing maps, standard 

characters are used to form clusters where individual characters can be placed for 

identification. This interface also contains ten command buttons captioned ‗Load 

Alphabet 1‘, ‗Load Alphabet 2‘ and so on to load the individual characters segmented by 

the previous interface for the testing purpose. Ten more command buttons captioned 
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‗Test Alphabet 1‘, ‗Test Alphabet 2‘ and so on, test the loaded alphabet images and 

displays the printed alphabets. 

 

 

 

Figure 10.2: Interface Designed using MATLAB to recognize Individual Characters 

 

This interface is designed to train/cluster/test ten individual character images at a 

time. Excessive overlapping of two adjacent characters leads to the non identification of 

characters. In case of such errors or non identification of characters by the ANN, a 

message captioned ‗NOT IDENTIFIED‘ is displayed by the interface. 

Figure 10.3 shows an interface which can use the identified characters to generate 

the printed words and sentences. The characters, which are not identified by the ANN, 

are replaced by ‗#‘ symbols. This interface contains two command buttons. The 

command button captioned ‗Load the outputs produced by the ANN‘ loads all the 
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individual characters identified by the ANN. The second command button captioned 

‗Compose the sentence from the produced outputs‘ concatenates the characters to form 

the sentence. Figure 10.3 displays a sentence where two unidentified characters are 

displayed by putting ‗#‘ symbol in the text boxes.   

 

 

 

Figure 10.3: Interface Designed using MATLAB to compose the Sentence 

 

10.2 Performance Analysis of Hebb and Perceptron ANNs 

Performances of classical ANNs and different single and multiple layer ANNs are 

analyzed by the parameters Accuracy or Success Rate (SR). The Accuracy defines the 

ratio between the recognized patterns and the total number of testing patterns. Accuracy 

can be calculated using Equation 10.1. 

 

Accuracy = [(I_Cn / T_Cn ) x 100](%)    ………Equation 10.1 
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Where, I_Cn = Number of characters identified by the ANN and T_Cn = Total 

Number of characters presented to the ANN. 

Table 10.1, shows the performance of the Hebbs and Perceptron ANNs [Section 

Nos. 7.3 and 7.4]. It is shown that these ANNs produce unsatisfactory results for 

handwritten characters. 

Table 10.1: Performance Analysis of Hebbs and Perceptron ANNs 

 

S.No. Name of the 

ANN method 

Accuracy 

 % 

1. Single Layer 

Hebbs 

42.33 

 

2. Single Layer 

Perceptron 

49.41 

 

 

 

 

Figure 10.4: Performances of Hebbs and Perceptron ANNs 

 

Figure 10.4 displays a bar chart showing the performances of Hebbs and 

Perceptron ANNs. Single layer Hebbs and perceptron learning methods perform well for 

those patterns which have very little or no variation from the patterns that are used to 

train these ANNs. 
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Table 10.2:  Comparison of developed models with other works 

 

S.No. Method Accuracy 

% 

Script Reference 

1. Modified Cascaded ANN taking 5 features 

from each block of character (MCANN) 

67.43 Arabic [213] 

2. Simple Artificial Neural Network Approach 

(SANN) 

70.32 English [51] 

3. Multilayer Perceptron using Bangla Scripts 

(MLPB) 

75.05 Bengali [16] 

4. 
Non-Correlated character recognition using 

ANN (NCANN) 

78.00 English [53] 

5. 
Swarm-Based Optimization Technique 

(SOT) 

82.00 Arabic [124] 

6. Neural Network with Complexity Based 

Segmentation (NNCBS) 

82.50 English [144] 

7. Multi-Scale Neural Network (MSNN) 85.00 English [200] 

8. Offline Wavelet Transforms (OWT) 88.80 Gurmukhi [180] 

9. MLP and SVM Classifiers (MLPSVMC) 90.10 English [68] 

10. Continuous HMMs and Directional Features 

(CHMMDF) 

90.40 Amazigh [6] 

11. Structural Features with K-Mean Clusters 

(SFK-MC) 

90.50 Kannada [59] 

12. Particle Swarm Optimization (PSO) 91.24 Persian [90] 

13. MLP with NN using English Scripts 

(MLPENN) 

94.00 English [136] 

14. Row-wise Segmentation using ART1 (RSA) 80.00 English Section 8.4 

15. Input Pattern Segmentation Technique 

(IPST)  

80.41 English Section 8.3 

16. Row-wise Segmentation Technique (RST)  83.29 English Section 8.1 

17. Column-wise Segmentation of Image 

Matrix (CSIM) 

84.77 English Section 8.2 

18. Arrow Segmentation of Image Matrix 

(ASIM) 

85.41 English Section 9.1 

19. Hoof Segmentation of Image Matrix 

(HSIM) 

86.19 English Section 9.2 

20. Pixel Density Gradient (PDG) Method 94.67 English Section 9.3 
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Further, it is found that the performance of the perceptron learning rule is better 

than that of the Hebbs learning rule. Perceptron learning rule has been used for the 

development of most of the single and multiple layer ANNs. 

 

10.3 Performance Comparison of the Developed Models  

All the developed simple architecture ANN models are good performers for 

identification of handwritten characters. Their performances are also compared with other 

works found in literatures in terms of Accuracy / Success Rate as shown in Table 10.2. 

 

 

 

Figure 10.5: Performances of Already Developed Character Recognition Methods  
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Figure 10.5 shows performances of already developed character recognition 

methods with good results. Figure 10.6 shows performances of character recognition 

methods developed in this work. 

 

 

 

Figure 10.6: Performances of Character Recognition Methods Developed in this 

Work 

 

Figure 10.7 shows a comparative performance of character recognition methods 

developed in this work with other promising works found in literature. 
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Figure 10.7: Line chart Showing Comparative Performances of all the Existing and 

Developed ANNs in terms of Accuracy 

 

10.4 Conclusion   

Figure 10.7 displays a line chart showing the comparative performances of 

different single and multiple layer ANNs developed here with the other existing 

promising methods in terms of accuracy. It has been found that the PDG-net performs 

best among all the ANNs discussed and developed. 
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Appendix A:  

Definitions of Terms 

 

 

10-to-10 Line Decoder A 10-to-10 line decoder is used in the PDG-net in 

order to decode the unique binary codes to 

different characters. 

 

Activation The internal state of a neuron, which is a function 

of the inputs, the neuron receives, is known as the 

activation of the neuron. The neuron sends its 

activation to several other neurons or an output 

neuron. 

 

ADALINE An ADALINE is a single layer ANN which 

contains a single unit neuron that receives input 

from several input neurons. It also receives an 

input form a neuron whose signal is always one 

which is used as bias. 

 

Adaptive Resonance Theory Adaptive Resonance Theory ANNs are developed 

to allow the user to control the degree of similarity 

of patterns placed on the same cluster. 

 

Ambiguities Ambiguities are generated when different 

segments of different characters are represented by 

the same vector. 
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Arrow Segmentation Arrow Segmentation is the process of dividing the 

input character matrix taking one row and one 

column of matrix at a time, forming an arrow like 

structure, so that arrow segment makes an 

individual input vector. 

 

Artificial Neural Network 

(ANN) 

An Artificial neural network (ANN) is a network 

of interconnected processing units called the 

neurons. ANNs are designed based on the idea of 

the complicated network of biological neurons that 

makes the human brain, which makes human 

beings such a superb creature, having the power of 

learning by experience. 

 

Axon Output of the biological neuron is generated at the 

axon. 

 

Back Propagation Back propagation method is a learning process 

which propagates the error back to the hidden 

layers for rectification. 

 

Baseline Pixel Burst  

Method (BPBM) 

Baseline pixel burst method (BPBM) is the 

process of finding out the burst of black pixels 

near the baseline of a text in order to find out the 

joints between two characters in case of cursive 

type of handwriting. 

  

Bias A bias can be included by adding a special neuron 

the input of which is always ‗1‘. The weight 

included on that link is also ‗1‘. 
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Binarization Binarization is the process of creating equivalent 

binary vector for a picture image of the text 

character. 

 

Biological Neuron A biological neuron is a processing element 

present in human brain which takes input from 

sense organs or other neurons, processes the input 

and produces the output in the form of knowledge. 

It consists of three components: its dendrite, soma 

cell and axon for input, processing and output. 

 

Bivalent Vector Bivalent vector is the vector consisting of 1 and -1 

only. In case of a bivalent vector the ‗0‘ of the 

binary vector is replaced by ‗-1‘. 

 

Black Box Black box contains a computer program which 

detects the difference between those characters 

that produces ambiguous codes and generates 

unique codes for each character. 

 

Black Pixels Black pixels are those pixels the combination of 

which displays a character. 

 

Column-wise Segmentation Column-wise Segmentation is the process of 

dividing the input character matrix taking one 

column at a time, so that each column makes an 

individual input vector. 
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Competitive ANNs Sometimes more than one neuron in a neural 

network tries to fire at a time producing 

ambiguous results. Competitive ANNs are a 

special type of ANNs which solve such problems. 

 

Contour Tracing  Contour Tracing is the process of forming a 

boundary around the text which touches the edges 

of the text. 

 

Convergence The process of producing standard weights which 

always generates the desired output in an ANN is 

called convergence. 

 

Decisive Output Factor Decisive output factor is the output produced at 

the final decisive layer which decides the 

existence of a particular character. Decisive output 

factor is the maximum value produced by a neuron 

in the final decisive layer. 

 

Epochs Epochs are the number of times the weights are 

updated before becoming standard. 

 

Feature Extraction Feature extraction is the process of extracting out 

the common features among variant character 

patterns which represent a particular character. 
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Final Decisive Layer Final decisive layer is the input layer which 

decides the existence of a particular character 

depending upon the output generated on a 

particular neuron which presents a particular 

character. 

 

Generalization Generalization is the process of finding out a 

method to recognize handwritten characters 

having variant patterns. 

 

Handwriting Patterns Handwriting patterns are the pattern vectors which 

represent different handwritten characters. 

 

Hebb ANN Hebb is the earliest and simplest ANN. It was 

proposed by Hebb that an ANN can be trained by 

modifying the synapse weights if the ANN gives 

unexpected results. 

 

Hidden Layers Hidden layers are the weight layers present 

between the input neuron layers and the output 

neuron layers. 

 

Hoof Segmentation Hoof Segmentation is the process of dividing the 

input character matrix taking one row and two 

columns taking one from each end of matrix at a 

time, forming an horse hoof like structure, so that 

hoof segment makes an individual input vector. 

 

Identical Patterns Identical patterns are those patterns represented by 

the same vector. 
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Image Thinning Image thinning is a process where the thick line of 

the character is reduced by removing pixels from 

the edges by maintaining the connectivity and 

keeping in mind that the thin shaped limbs of the 

character must not be shortened. 

 

Input Pattern Segmentation Input Pattern Segmentation is the process of 

dividing the input character matrix taking one 

block of matrix at a time, so that each block makes 

an individual input vector. 

 

Input Vector The input vector is the vector equivalent to the 

character input matrix presented to the input 

neuron layer of the ANN. 

  

Learning rate Learning rate is the number of epochs skipped 

between epochs in order to obtain the standard 

weights. It can be one or more depending upon the 

intensity of epochs required to obtain standard 

weights. 

 

MADALINE Multilayer ADALINE is known as MADALINE. 

 

MATLAB MATLAB is a software package for high 

performance numerical computation and 

visualization. It provides an interactive 

environment with loads of built in functions for 

technical computation, graphics and animation. 
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Multiple Layer ANNs Multiple layer ANNs consist of two or more 

number of layers of weights sandwiched between 

input neuron layer and the output neuron layer. 

 

Neocognitron Kunihiko Fukushima and his colleagues at NHK 

Laboratories in Tokyo have developed a series of 

specialized neural networks to recognize 

characters. One of those ANN is known as 

Neocognitron. 

 

Noise Removal Noise removal is a process where unwanted pixels 

in the texts are removed by applying some 

methods. 

 

Output Vector The output vector is the output pattern 

corresponding to a character input vector, 

produced at the output neuron layer of the ANN. 

  

Pattern Recognition Pattern recognition can be defined as the 

classification of data based on knowledge already 

gained or on statistical information extracted out 

of the patterns. 

 

Perceptron Perceptron is a simple and single layer ANN. 

Perceptron is far better than some other single 

layer ANNs like Hebb and Sigmoid. In a simple 

peceptron one or more than one neurons are 

connected to a single neuron with the help of 

weights. 
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Pixel Density Gradient Pixel density gradient is the variation in the 

densities of pixels at various portions of different 

characters. 

 

Preprocessing Preprocessing is the method of refining the 

handwritten character pattern in order to make the 

pattern simple, compact and free of noise, so that 

the pattern can be presented to the ANN without 

losing vital information. 

 

Reference Line Estimation This is another preprocessing technique which is 

helpful in determining the features in a text. 

 

Row-wise Segmentation Row-wise Segmentation is the process of dividing 

the input character matrix taking one row at a 

time, so that each row makes an individual input 

vector. 

  

Self Organizing Maps Unsupervised types of ANNs are also called Self-

organizing maps which group similar input vectors 

together without the use of training data. A 

number of input vectors are presented to the ANN 

without setting any weights or using fixed 

weights. The ANN modifies the weights in order 

to assign the most similar input vectors to same 

output cluster. A vector is produced by the ANN 

that represents each cluster which is called 

exemplar. Actually, unsupervised training is used 

in those situations where answer is not known in 

advance. 
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Signal Processing Signal processing is an engineering discipline 

which deals with the implementation of filters to 

remove or reduce unwanted frequency 

components from an information bearing signal. 

 

Single Layer ANN Single layer ANNs are those ANNs which consists 

of only a single layer of weights sandwiched 

between two layers of neurons viz. input neuron 

set and the output neuron set. 

 

Slider Drifting Slider drifting is the process of drifting a cursor, 

called slider, towards the right hand side of the 

text image matrix in search of the column 

containing all white pixels in order to find out 

gaps between characters. 

 

Standard Weights Standard weights are those weights which 

generates the output vector equal to the target 

vector. 

 

Supervised Learning Supervised learning means training with the help 

of a teacher. Target outputs are known in advance. 

ANNs are trained to produce weights which 

generate the target values. 

 

Target Vector The target vector is the desired output vector to be 

produced at the output layer of the ANN. 

 

Threshold Threshold is the net output value that decides 

when the neuron will fire. 
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Training the ANN Training the ANN is the process of generating 

standard weights so that the weights always 

produce desired outputs for the characters 

presented to the ANN. 

 

Unique binary codes Unique binary codes are the combination of bit 

patterns which represents a particular character. 

These bit patterns are produced at the output layer 

of the PDG-net. 

 

Unsupervised Learning Unsupervised learning means learning without the 

help of a teacher. Target outputs are not known in 

advance. ANNs map themselves to produce the 

target values. 

 

Weights The links between the neurons contains some 

values called weights. The weights on the links 

either exaggerate or inhibit the processing power 

of the neurons. 
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