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Abstract

Online handwriting recognition process is a quiokl aatural way of communication between
computer and human beings. Handwritten characteogretion has been one of the most
important and challenging research areas in thkl fi¢ pattern recognition. Handwritten
character recognition (HCR) is the process of cdimng handwritten text into machine
processable format. It contributes immensely toatieancement of an automation process and
can improve the interface between human and machinarious applications. Variations in
handwriting make it difficult and challenging to heeve a high degree of accuracy. This
dissertation aims to develop an online system er recognition of handwritten Gurmukhi
numerals and special characters. Gurmukhi is thptsaf Punjabi language which is widely
spoken across the globe. For the recognitiorhafacters/numerals, neural networks have been
applied. The study focuses on the recognition ofdiaitten and printed characters; and the
results emerging from it are presented. Handwrittkaracter recognition has been a popular
research area for many years because of its vadppkcations. These applications are quite
useful for the organizations such as railway, ersieas etc. where both English and regional
languages are used. Many forms and applicationdilea@ in regional languages. Sometimes
these forms are scanned directly. HCR is a procésautomatic computer recognition of
characters in optically scanned and digitized paesext. It can be online or offline. In online
numeral and special character recognition, dataapeured during the writing process with the
help of a special pen and an electronic interf@f#line documents are scanned images of pre-
written text, generally, on sheet or paper. Offimember recognition is significantly different

from online recognition, because here stoke inféionas not available.

For Gurmukhi numerals recognition, the accuracyiesadd during training mode is 96.4%; and
for testing mode it is 89.6%. For special charactescognition, training mode accuracy is
97.1%; while it is 92.0% for testing mode.

The present study has been divided into six chapge brief review of these chapters is given

below.



Chapter-1 presents the different concepts of haittewrcharacter recognition and also those of

artificial neural networks.

Chapter-2 examines and evaluates the existingaiitex on the subject. The different neural

network techniques used in HCR have been review@tentify the gap in research area.
Chapter-3 demonstrates how we can use the ANNapfaroximating mathematical functions.

Chapter-4 explains the methods used for data ¢mfeand details on online handwritten

Gurmukhi numeral recognition using ANN.

Chapter-5 provides the description of data coldectior online handwritten special character
recognition using ANN.

Chapter-6 concludes the work by developing a sysfemhandwritten character/numeral
recognition through neural networks in MATLAB. Isa explains the scope for further research
in the area.
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Chapter-1
INTRODUCTION

1.1 Definition

Neural Network is the biological structure inspirbg the working of human nervous
system. Neural Network is being applied widely offedent application areas due to its
learning ability,i.e., capability to extract rules and learn from théadand create a network
model which can be used for classification, pattegognition and forecasting on the data.
Most promising feature of the Neural network th#teo classification techniques do not
possess is that it helps to simulate the network @eate a model which can be used
further and applied on the new data which was mevipusly exposed to the network
(Yusuf, 2012). Dr. Robert Hecht-Nielsen defineseamal network as a computing system
made up of a number of simple, highly interconnégecessing elements, which process
information by their dynamic state response to reeeinputs (Maureen and Caudill,
1990). An Artificial Neural Network (ANN) is an infmation processing paradigm that is
inspired by the working of biological nervous sysge The key element of this paradigm is
the novel structure of the information processipgtam. It is composed of a large number
of highly interconnected processing elements (n&)ravorking in unison to solve specific
problems. ANNs, like human beings, learn by exampla ANN is configured for a
specific application, such as pattern recognitiordata classification, through a learning
process. Learning in biological systems involvepistthents to the synaptic connections
that exist between the neurons. This is true of AN&E well (Werbos, 1994)n
information technology, a neural network is a syst# programs and data structures that
approximates the operation of the human brain. éradenetwork usually involves a large
number of processors operating in parallel, each s own small sphere of knowledge

and access to data in its local memory @ual.,2005).



A neural network consists of four main parts:

1. Processing units {4 where each thas a certain activation levehat any point in
time.

2. Weighted interconnections between the various @ing units which determine
how the activation of one unit leads to input footer unit.

3. An activation rule which acts on the set of inpghals at a unit to produce a new
output signal, or activation.

4. Optionally, a learning rule that specifies how tijust the weights for a given
input/output pair.

A processing unitjuakes a number of input signals, say, &;, ..., & Wwith corresponding

weights w; , Wy ,..., W , respectively. The net input tpgiven by:
net = SUM (w; * &)

The new state of activation of given by:
g(t+1) = f( gy, ney),

Where F is the activation rule ang ds the activation of;uat time t. The output signaj o

of unit y is a function of the new state of activation pof u
O(t+1) = f(@j(t+1)).

One of the most important features of a neural agkws its ability to adapt to new

environments. Therefore, learning algorithms aitecaf to the study of neural networks.
1.2 Basics of Neural Networks

Neural Networks are typically organized in laydrayers are made up of a number of
interconnected 'nodes’' which contain an 'activatiorction’. Patterns are presented to the
network via the 'input layer', which communicate®te or more 'hidden layers' where the
actual processing is done via a system of weigltednections'. The hidden layers then

link to an 'output layer' where the answer is ougsushown in the Figure 1.1 below.



Hidden Layers

Input Layer
Output Layer

Fig. 1.1: Layers of Neural Networks

Most ANNs contain some form of 'learning rule' whienodifies the weights of tr
connections according to tinput patterns that it is presented with. In a se ANNs learr
by example as do their biological counterparts;hddclearns to recognize dogs frc

examples of dogs.

Although there are many different kinds of learnimdes used by neural networks,
demonstration is concerned only with one; the dela. The delta rule is often utilized
the most common class of ANNs called 't-propagatiomeural networks' (BPNNSs). Bau

propagation is an abbreviation for the backwardpagation of erro

With the delta rule, as with other types of back propaga'learning' is a supervis
process that occurs with each cycle or 'epd.e. each time the network is presented wi
new input pattern) through a forward activationnflof outputs, and the bkwards error
propagation of weight adjustments. More simply, whee neural network is initiall
presented with a pattern it makes a random 'gaess what it might be. It then sees h
far its answer was from the actual one and makesa@propriate adstment to its
connection weightsWerbos, 1994) More graphically, the process looks something
this:



= r H Output
= (Z“Fl B Answer

Input *winitially random

The Delta Rule

A Single Node Example

Fig. 1.2: A Single Node (Werbos, 1994)

1.3 Architecture of Neural Networks

1.3.1 Feed-forward Networks:-Feed-forward ANNs allow signals to travel one-wanyo

from input to output. There is no feedback (loop®), the output of any layer does not
affect that same layer. Feed-forward ANNs tend o straightforward networks that
associate inputs with outputs. They are extensiuséd in pattern recognition. This type of

organization is also referred to as bottom-up prdown.

1.3.2 Feedback Networks Such networks can have signals travelling irhbditections

by introducing loops in the network. These netwodts very powerful and can get
extremely complicated. Feedback networks are dymartheir 'state’ is changing
continuously until they reach an equilibrium poifihey remain at the equilibrium point
until the input changes and a new equilibrium ndedse found. Feedback architectures are
also referred to as interactive or recurrent, aiffiothe latter term is often used to denote
feedback connections in single-layer organizatidhg. schematic diagram of artificial neural

network and architecture of the feed-forward nelweith one hidden layer is given below:

4



Hidden layer Outputs

Fig. 1.3: An Example of a Simple Feed-forward Netwd (Werbos, 1994)

1.3.3 Network Layers

The commonest type of artificial neural network sists of three groups, or layers, of
units: a layer of "input” units is connected tcagdr of "hidden" units, which is connected

to a layer of "output” units.

The activity of the input units represents the iafermation that is fed into the
network.
» The activity of each hidden unit is determined lby &ctivities of the input units and

the weights on the connections between the inpaitiz® hidden units.

The behaviour of the output units depends on thity of the hidden units and

the weights between the hidden and output units.

This simple type of network is interesting becatis® hidden units are free to construct
their own representations of the input. The weidhgsveen the input and hidden units
determine when each hidden unit is active, andysmbdifying these weights, a hidden

unit can choose what it represents.

We also distinguish single-layer and multi-layerchatectures. The single-layer
organization, in which all units are connected @ @nother, constitutes the most general
case and is of more potential computational powan thierarchically structured multi-
layer organizations. In multi-layer networks, urate often numbered by layer, instead of

following a global numbering.



1.3.4 Perceptrons

The most influential work on neural nets in thes'60went under the heading of
'‘perceptrons’, a term coined by Frank Rosenbldt. erceptron turns out to be an MCP
model (neuron with weighted inputs) with some addal, fixed, pre-processing. Units
labelled A;, A, A, A, are called association units and their task isxttract specific,
localized features from the input images. Percegtrmimic the basic idea behind the
mammalian visual system. They were mainly usedaitepn recognition even though their
capabilities extended a lot more.

i’fi__f‘l_l " =l

i St THrechalc

Fig. 1.4: Perceptrons

In 1969, Minsky and Papert wrote a book in whichytidescribed the limitations of single
layer perceptrons (Ritet al., 2013) . The impact that the book had was tremendods
caused a lot of neural network researchers to tlesie interest. The book was very well
written and showed mathematically that single Igpgnceptrons could not do some basic
pattern recognition operations like determiningplaety of a shape or determining whether
a shape is connected or not. What they did noizesalintil the '80s is that given the
appropriate training, multilevel perceptrons cartltgse operations.

1.4 Applications of Neural Networks

» Character Recognition: The idea of character recognition has become very
important as handheld devices like the tabletsba@ming increasingly popular.

Neural networks can be used to recognize handwittt@racters.
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Image Compression:Neural networks can receive and process vast amaaint
information at once, making them useful in imagenpeession. With the Internet
explosion and more sites using more images on sites, using neural networks for
image compression is worth a look.

Stock Market Prediction: The day-to-day business of the stock market is
extremely complicated. Many factors weigh in whethejiven stock will go up or
down on any given day. Since neural networks caam@xe a lot of information
quickly and sort it all out, they can be used teduct stock prices.

Travelling Salesman’s Problem:Interestingly enough, neural networks can solve
the travelling salesman problem, but only to aaiertiegree of approximation.
Medicine, Electronic Nose, Security, and Loan Apptiations: These are some
applications that are in their proof-of-concepgstawith the acceptation of a neural
network that will decide whether or not to grarban, something that has already
been used more successfully than many humans.

Miscellaneous Applications: These are some very interesting (albeit at times a

little absurd) applications of neural networks.

Modelling and Diagnosing the Cardiovascular SystemNeural Networks are
used experimentally to model the human cardiovascystem. Diagnosis can be
achieved by building a model of the cardiovascusigstem of an individual and
comparing it with the real time physiological me@snents taken from the patient.
A model of an individual's cardiovascular systemsmmimic the relationship
among physiological variables at different physeetivity levels.

Instant Physician: An application developed in the mid-1980s called tmstant
physician" trained an auto associative memory neneawork to store a large
number of medical records, each of which includg®rimation on symptoms,
diagnosis, and treatment for a particular case.

Neural Networks in Business:Business is a diversified field with several
general areas of specialization such as accountifigancial analysis. Almost any

neural network application would fit into one bwess area or financial analysis.



There is some potential for using neural netwodtshbiusiness purposes, including

resource allocation and scheduling.
* Credit Evaluation: The HNC Company, founded by Robert Hecht-Nielseag h
developed several neural network applications. @nthem is the Credit Scoring

system which increases the profitability of theséirig model up to 27% (Jwt al.,
2005).

1.5 Handwritten Character Recognition

Handwritten character recognition is an importamd active field of research in pattern
recognition and image processing. Handwritten ataraecognition, abbreviated as HCR,
is the process of converting handwritten text machine processable format. Handwriting
recognition is the ability of a computer to recemed interpret handwritten input from
sources such as paper documents, photographs, -dotedns and other devices.
Handwriting recognition system is the activity thgh which users transmit the
handwritten data into the computer through the gggiof scanner, touch screens and other
devices, where computer interprets that input itstétanguage. The mode of such input can
be paper documents, photograph, etc. As discuszi@rethat handwriting recognition
system deals with the acquiring of data throughowasr methods, so on this acquiring only
the classification of handwriting recognition systelepends on using online character
recognition systems and offline character recognitsystems. As it includes a set of
characters, the numerous writing style variatiomg the constraints on the writing have a
great influence on recognition methods.

The classification of handwriting recognition caa Hone in the following two major
categories:

1.5.1 Offline Handwriting Recognition: Under such handwriting recognition, the writing
is available as an image. It can be done with tlp lof a scanner which captures the

writing optically.

1.5.2 Online Handwriting Recognition: Under such handwriting recognition, the two-
dimensional coordinates of successive points greesented as a function of time and the

order of strokes made by the writer are also ablalarhe online methods have been shown



to be superior to their offline counterparts inagaizing handwritten characters due to
temporal information available with the forn

Nowadays, for devices like personal digital assistar tablets, dline handwriting
recognition has become a useful feature. Withfdasure the demarand use of tablets has
increased manifold.The presence of online handwrit recognizer for Dvnagari,
Gumukhi, Bangla and oth Asian scripts shall provide a naturahy of communicatiol
between users and computers it will increase the usage of personal digital stsgit or
tablet PCs in Indian languages. A some of the Asiarscripts such as Devanagi
Gumukhi, Bangla and Tamil share m: similarities and thefore advances made for ¢
script with respect to online handwriti recognition could be useful for er such similar
scripts (Sharmat al.,2009)

1.6 Process to Recognize a Handwritten Qaracter or Digit in
MATLAB

Fig. 1.5 represents the steps involved in recognitiola character entered by a t by
hand,i.e., handwritten character

Handwritten Document

Pre-Processing

Feature Extraction
and Classification

Recognized Character

Fig. 1.5: Stepsinvolved in Recognition of a Handwritten Character



1.6.1 Data Base: In this process, handwritten characters/numernadstaken as an input
from different users by writing with a special pen an electronic surface.€. online

characters/ numerals).

1.6.2 Pre-processingPre-processing is a series of operations perforamretiandwritten
characters/numerals. It is the initial stage ofrabger/numeral recognition. Pre-processing,
as the name expresses, involves the processingsttlahe before the character/numeral is
recognized,.e., preparing the character in the form suitable farogmition process. In

HCR, typical pre-processing operations are perfdrtheough normalization.

» Normalization is one of the widely used techniqtespre-processing. It involves
resizing the image to a particular size. As therattar written by the user can vary
in size, it can be very difficult to recognize thbaracter/numeral if it is to be

recognized as such.

1.6.3 Feature Extraction: Each character/numeral has some features which @y
important role in pattern recognition. Every Indiaaript has its own features. Feature
extraction describes the relevant shape informatmmained in a pattern so that the task of

classifying the pattern is made easy by a formatgaure.

1.6.4 Classification: Classification stage uses the features extractedhen feature

extraction stage for deciding the class memberdbiassification phase is the decision-
making phase of an HCR Engine. In HCR system, Mld3sifiers are constructed and
then these classifiers are integrated in a hiddgarl HCR system is the combination of

following two steps:

Step 1: Each MLP network classifier is construaad trained. Some Punjabi characters or
numerals are formed by combining two or more chtaracor numerals. So, firstly, the

structure of each MLP classifier is determined.

Step 2: In this step, the integrated MLP netwodssifiers which exist in the hidden layer
are trained using the newff (feed forward neurdivoek) algorithm, and we train until

mean square error between the network output asicedeoutput is less than 0.05.
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Chapter-2
Literature Survey

2.1 Literature Survey

In this chapter, an attempt has been made to greseaverview of various aspects and
issues of the current study through the reviewwaiilable literature on the subject. It is a
modest effort to identify the gap that exists iis tiesearch area. A lot of research has been
done on Feature extraction techniques by usingaheatworks, learning system for on-
line character recognition, word extraction from-lme handwritten text lines, etc. The
table given below provides a brief description lod £xisting literature in the subject area
under study.

Table 2.1: List of Selected Research Papers Undekian for Review

Author Name Title Year

Bontempi, B.; and Marcelli, A Genetic Learning System for On-line Charagtet994

A. Recognition

Duneau, L.; and Dorizzi, B.| Online Cursive Script Recognition A System that 1994
Adapts to an Unknown User

Goh, W. L.; Mittal, D. P.} An Artifical Neural Networks Approach to Hand-1997

and Babri, H. writing Recognition

Verma, B. A Feature Extraction Technique in Conjunctionl998
with  Neural Network to Classify Cursive
Segmented Handwritten Characters

Blumenstein, M.; Verma, | A Novel Feature Extraction Technique for the2003

B.; and Basli, H. Recognition of Segmented Handwritten Characters

Liu, X. Y. and| Experimental Analysis of the Modified Direction 2004

Blumenstein, M. Feature for Cursive Character Recognition

Funanda, A.; Muramatsy,The Reduction of Memory and the Improvemgn2004

D.; and Matsumoto, T. of Recognition Rate for HMM On-lin

11%]

Handwriting Recognition
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Table 2.1 (Contd.)

Mahmud, J. An Intelligent Feature Analyzer for Hemitken | 2005
Character Recognition

Liwicki, M.; Scherz, M.;| Word Extraction from On-line Handwritten Text 2006

and Bunke, H. Lines

Sharma A.; Young D.L.; | High Accuracy Human Activity Monitoring Using 2008

andWan, Y. C. Neural Network

Pal, U.; Wakabayashi, T};Comparative Study of Devnagari and written | 2009

and Kimura, F. Character Recognition Using Different Features
and Classifiers

Sharma, A.; Kumar, R.; andRearrangement of Recognized Strokes in Onlin2Z009

Sharma, R. K. Handwritten Gurmukhi Words Recognition

Ahranjany, S. S.; RazzaziA Very High Accuracy Handwritten Character2010

F.; and Ghassemian, M. H.| Recognition System for Farsi/Arabic Digits Using
Convolutional Neural Networks

Rajashekararadhya, S. V.The Zone-based Projection Distance Featur2010

and Ranjan, P. V. Extraction Method for Handwritten
Numeral/Mixed Numerals Recognition of Indian
Scripts

Rajput, G. G.; and Mali, S.Fourier Descriptor Based Isolated Marath2010

M.

Handwritten Numeral Recognition

Gumah, M. E.; SchneiderHandwriting Recognition System Using Fast| 2010

E.; and Aburas, A. Wavelets Transform

Tsuruoka, S. ; Fadzi|,Personal Dictionaries for Handwritten Charagte2010

Mohd.T.; Kawanaka, T. Recognition

and Yasuji, M.

Eraqi, M.; and Sherif, A. An On-Line Arabic Handw@mg Recognition 2011
System

Dhir, R.; Singh, K.; and Handwritten Gurmukhi Numeral Recognition 2011

Rani, R.

Using Different Feature Sets
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Table 2.1 (Contd.)

Jaremsri, M. L.; andThai Handwritten Character Recognition Using2011

Imprasert, Y. Heuristic Rules Hybrid with Neural Network

Kumar, M.; Jindal, M. K.; Classification of Characters and Grading Writer2011
and Sharma, R. K. in Offline Handwritten Gurmukhi Script

Sanmorino, A.; and Yazid,A Survey for Handwritten Signature Verification 201
S.

Dubey, R.; and Agrawal, D.Comparative Analysis of Off-line Signature 2012
K. Recognition

Kaur, A.; and Arora, M. Neural Network based Numerical Digits2013

Recognization Using NNT in Matlab

Shokoohi, Z.; Hormat, A| Persian Handwritten Numeral Recognition Usin@013
M.; Mahmoudi, F.; and Complex Neural Network and Non-linear Feature

Badalabadi, H. Extraction

Bontempi and Marcelli (1994)presented a method based on a genetic algoriththase

the engine of a learning system to produce proastypf the characters, and on a string
matcher to perform the classification. The learnmgchanism, provided by a genetic
algorithm, allowed the system to have both a wrelependent core and an adaptation
scheme to finely tune the recognizer to the wr#iste. The system was tested over 10
subjects, different from the ones used to obtagntthining set, who were required to write,
in different times, two sets of numerals, uppercase lowercase letters. A recognition rate
of 83.4% was obtained, with a reject rate of 14at8d an error rate of 1.9% after adapting
writer, the system was able to exhibit a recognitiate of 94.8% on that writer. By running

again the second experiment with the new systemecagnition rate of 92.7% was

obtained, with a rejection rate of 6.5% and anremaite of 0.8%, showing that by adapting

to that writer, the system increased its overatfggenance

Duneau and Dorizzi (1994)developed a system dedicated to the recognitioBngflish
cursive words drawn on a digitizing tablet. Thisteyn follows an analytical approach in

the sense that it tries to localize the lettershef word to be recognized. The system in a
13



monoscriptor context has recognition rate min.-agermax. of 89.8-93.2-95.6%,

respectively; and in the case of multi-scripterteahrate was 93.5% for 15432 prototypes
and 91.4% for 5625 prototypes, but the systemasstow and heavy during multi-scripter

context, and in the case of mono-scriptor recogmitate min.-average-max. of 60.8-75.8-
92.2%, respectively.

Goh et al. (1997)used Artificial Neural Network in handwriting reagigon. This approach
was very suitable for handwritten character recigmias it provides fast feature extraction
and classification. Error Back Propagation (EBRjoathm networks of relatively small
sizes which can be trained in a reasonable shod were used. The emphasis has mostly

been on developing a writer-independent handwrittearacter recognition system.

The system had the following capabilities:

» Allows the user to write in free-hand continuoudigrming sentences and
paragraphs, interactively converting each charaetéiten to standard font. The
characters that the system can recognize include ‘0", ‘A’ to ‘Z” *.” and *,".

» Allows the user to save a written document todilrint outashardcopy.

* Allows system customization to suit individual hamding so as to achieve high
recognition accuracy through a built-in user frigrdaining system.

» Recognition accuracy is above 97% and responseal spem an average 1 second
per character.

The authors designed handwriting recognition systamd developed to recognize 38
classes of characters using the error back projagalgorithm. Handwriting recognition is
a difficult task; and there is currently no singelution that matches all the different
demands. The ideal goal of designing a handwritiegognition method with 100%
accuracy is not easily achievable because eveniin@iags are not able to recognize all
handwritten text without doubt. The handwritingaguizer developed has good practical

potential as recognition rates of 97% and higheraaceptable to most users.

Verma (1998)proposed a new technique of feature extractioromunction with a neural

network to classify segmented cursive handwrittéaracters. A heuristic and neural
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network-based algorithm was used to segment theactesis. After segmentation the
proposed technique was applied to segmented andrpcessed characters. Handwritten
character recognition system can be very usefuhamy real world applications such as
postal addresses recognition, document analysiso#mel applications. A good feature
extraction technique can extract important featiaed improves the recognition rates.
Cursive handwritten character recognition is inaejemt of rotation and converts large
two-dimensional character mat rice into a small -dimeensional vector with global
features. The presented technique proved veryteféein recognizing difficult handwriting
regardless of orientation. Amall one-dimensional vector from a large scaleraittar
metrics which the researcher obtained using thpqs®d techniques, avoids the computer
memory problems for a larger database, long trgirtime in learning and recognition

processes.

Blumensteinet al. (2003)proposed a novel feature extraction techniqueherécognition
of segmented handwritten characters. The auth@tedstthat high accuracy character
recognition techniques can provide useful infororafior segmentation-based handwritten
word recognition systems. Two neural architectuagsng with two different feature
extraction techniques were investigated. The poéextraction was only employed for
those characters obtained from handwritten wortie. tEchnique followed by the authors
first proceeded to sequentially locate all non-merprinted character components through
the use of character component analysis. Next,oxelboates (vertical segmentations) for
each connected character component (identified Inewistic) were used to define the
vertical boundaries of each character matrix. Theectlon-based feature extraction
technique was compared to another popular techniguke literature using two neural

classification schemes.

Liu and Blumenstein (2004)described and analyzed the performance of a stalctu
feature extraction technique for the recognition seigmented/cursive characters. The
Modified Direction Feature (MDF) extraction techneybuilds upon a previous technique
proposed by the authors that extracts directioarmétion from the structure of character

contours. The modified direction technique is ldaea transition feature and direction
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feature techniques. The main difference was innthg the feature vector was created. For
MDF feature vector creation was based on the caioul of transition features from the
background to foreground pixels in the vertical dmatizontal directions. However, in
MDF, aside from calculating the Location of Traimis (LTs), the Direction Transition
(DT) values at a particular location are also storféherefore, for each transition, a pair of
values such as [LT, DT] is recorded. A detailedlysia of the incorrectly classified
characters provided by one of the MDF neural netvamnfigurations revealed four main
character classes consistently giving misclasgiina. These four character classes were

then further scrutinized to determine the sourceooffusion.

Funanda et al. (2004)usedHMM in online handwriting recognition that reducegmory
usage and further improves the recognition raté-Gganizing Map (SOM) density tying
reduced the dictionary size 197 of the original size with a recognition rate of 8%,
only slightly less than the original recognitioneraof 91.51%. Their additional feature

increased recognition capability to 91.34%.

Mahmud (2005) stated the development of an efficient feature yareal for handwritten
character recognition. Feature extraction can redacge domain of feature space and
extract invariable information. Feature extracti@s been viewed from multi-dimensional
perspective. To cope with the fuzziness of the gattmn problem, a nonlinear classifier
based on back propagation algorithm was used fassification. Proposed intelligent
feature analysis has been successfully implemeintete area of handwritten character
recognition. To improve the generalization abiléipsemble-based approach has been used.
Speed of convergence has been effectively enhambgedesilient back propagation
algorithm. To limit the problem within manageabiees only character images from a
particular alphabet were used for training and gadmn. But the feature analysis model is
not language dependent, it is entirely possiblram and test using characters from other

alphabets. This feature analysis model was capdluiealing with large image databases.

Liwicki et al. (2006) investigated the word extraction task in on-lineognition of
cursively handwritten text lines. The authors psmgab a method which is based on the

assumption that the size of gaps between consecutbrds may considerably vary, but
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humans usually leave more whitespace between twsecotive words than between two
connected components that belong to the same Warely used several metrics known
from off-line word segmentation for measuring thistahces between two adjacent
components. After that authors applied differemicpdures to get initial threshold for

segmentation. The thresholds are based on thevialipstatistics.

* Median White Run-length (MWR): It is the mediantbé set of white run-lengths
between the two lines.
» Average White Run-length (AWR): It is the mediantleé number of white pixels

in a row divided by the median number of black-whransitions in a row.

Results showed that there was a significant pakemti increasing the segmentation
performance over simple heuristic methods. Theasatbould increase the word extraction
rate from 85.36% in the baseline method where adfithreshold is used to 85.95% by
computing the initial threshold with the AWR methoBy applying the new word

segmentation algorithm the word extraction ratelatdae further increased to 86.58%,

which is statistically significant.

Sharma et al. (2008),in their research work, presented the designing néural network
for the classification of human activity. A triakiaccelerometer sensor, housed in a chest
worn sensor unit, has been used for capturingc¢bel@ration of the movements associated.
All the three axis acceleration data were colleci¢dh base station PC via a CC2420
2.4GHz ISM band radio (zigbee wireless compliamjpcessed and classified using
MATLAB. A neural network approach for classificatiowas used with an eye on
theoretical and empirical facts. It provided a dethdescription of the designing steps for
the classification of human body acceleration détad-layer back propagation neural
network, with Levenberg-marquardt algorithm forinmag, showed best performance

among the other neural network training algorithms.

Pal et al. (2009) presented a study on handwritten character retognior Devnagari.
Devnagari is the most popular script in India. Thehors used the offline handwritten

character recognition process. It is the Indianomal language and Hindi is the third most
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popular language in the world. The alphabet ofrtieglern Devnagari script consists of 14
vowels and 33 consonants. These characters aesl dabkic characters. Hindi is written in
Devnagari script. Nepali, Sanskrit and Marathi also written in Devnagari script. They
presented a study of Devnagari handwritten charaeteognition by using the twelve

different classifiers and four different featuresmputed from gradient and curvature
information of the binary as well as gray-scaleges Classifiers like Projection distance,
Subspace method, Linear discriminate function, Supwector machines, Modified

qguadratic discriminate function, Mirror image leag Euclidean distance, Nearest
neighbor, k-Nearest neighbor have been considéred.gradient and curvature features
computed from grey images classifier gave an acyurf94.74% and 95.19%, and binary
images gave an accuracy of 94.74% and 95.09%.ThkdEan Distance (ED) showed the
lowest results (77.89%) among the classifiers. Tlbgerved that curvature feature
provided higher results than gradient featuresllinha classifiers except NN and k-NN.

NN and k-NN classifiers showed slightly lower résuh curvature features than gradient

features.

Sharma et al. (2009) presented a technique to recognize online han@wriGurmukhi
words. They proposed a new step as rearrangemehtemognition strokes in online
handwriting recognition procedure. The rearrangenwnrecognized strokes includes:
strokes identification as dependent and major ddgr@nstrokes; the rearrangement of
strokes with respect to their positions; and thenlioation of strokes to recognize
character. The authors stated that Gurmukhi issthigt of Punjabi language which is
spoken across globe, and it shares many simikritte other Asian scripts such as
Devanagiri and Bangle. Gurmukhi approach is writteteft-to-right direction and in top-
down approach. Gurmukhi script is divided into thieorizontal zones. The upper zone
denotes region above head line and middle zoneesepts the area below the head line
whereas consonants and some sub-parts of vowelxr@sent. The lower zone represents
the area below middle zone where some vowels amdircénalf characters lie in the foot of
consonants.
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Fig. 2.1: Upper, Middle and Lower Zones in GurmukhiScript

An overall recognition rate of 81.02% in online Hamitten cursive handwriting for a set of
2576 Gurmukhi dictionary words was achieved by them

Ahranjany et al. (2010) proposed a new method for handwritten Farsi/Aralbgits by
fusing the recognition results of a number of cdatton neural networks with gradient
descent training algorithm. Convolution Neural natkg are a type of neural networks that
are biologically inspired from human visual systesmch combines feature extraction and
classification stages. Their research paper causist two main contributions. The first
one is automatic extraction of input pattern’s @ieas by using a CNN for Farsi digits and
second one is fusing the results of boosted classifo compensate the recognizers’ errors.
The authors used IFH-CDB test database. The mawansage of their network was

automatic feature extraction and classificationne integrated system.

Rajashekararadhya and Ranjan (2010)stated that handwriting recognition has been a
challenging task in image processing and pattecogmition. Feature extraction method
was probably the most effective method in achieviigh recognition performance. The
authors proposed a zone-based feature extractyamithim scheme for the recognition of
off-line handwritten numerals of south-Indian stgipThe character centroid is computed
and numeral image (50x50) is further divided info&tjual zones (10x10). The distance
from character centroid to the pixels present inezavas computed. This procedure was
sequentially repeated for all the zone/grid/boxunmis present in the zone. Similarly, again
the character centroid was computed and image uvdsef divided into 50 equal zones and
distance from pixels present in zone was compuitki entire procedure was sequentially
repeated for the entire zone present in the nunmaede. There could be some zones/ zone

columns that were empty for ground pixels, then fésture value of that zone column/
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zone in feature vector was taken as zero. The mitifmiained a maximum recognition rate

of 98.05% for handwritten numerals using the suppector machine classifier.

Rajput and Mali (2010) proposed a system to guess the protein structarghls purpose,
Principal Component Analysis matrix calculation weed. PCA gave the feature vectors
to compare the structure with already stored girectising the training and prediction of
Neural Networks. Various components obtained frdra protein taken as input were
considered as input for the three different Netlatworks (artificial). The three networks
had 30, 35 and 40 neurons in the hidden layer.rébegnizers were trained using RPROP
approach. With this system even if the componer@seduced to a vast amount (from 260
to 80), performance was at least 1% more than #st possible structure prediction

algorithm.

Gumah et al. (2010) proposed Optical Characters Recognition (OCR)rtiegle. There
were two main stages in most of OCR systems: featwxtraction and classification.
Artificial neural networks and hidden markov modedsre the most popular classification
methods used for OCR systems. OCR systems’ efigieten be evaluated by two
parameters; the consuming time and the recognitat@. Some researchers presented
systems for handwriting recognition, while otherggented systems for printed words.
Furthermore, some systems were designed to be ardgdwith isolated characters or
digits. Fast wavelets transform (FWT) is a mathérahtalgorithm designed to turn a
waveform or signal in the time domain into a seqaeof coefficients. The transform can
be easily extended to multidimensional signals saglmages, where the time domain is
replaced with the space domain. In this researgerpauthors presented a method where
no features needed to be extracted; instead, they the Wavelet Transform to produce a
coefficient vector of the characters’ images. Tduefficient vector is then directly used to
recognize the handwritten characters. To increlaseatcuracy level, the authors used two
pictures of each letter in two different positidnsncrease the information that coefficient

vector should provide. The authors could achievé®#% of accuracy as average.

Tsuruoka et al. (2010)proposed handwritten character recognition in tww igeneration

methods of personal dictionary. They presentedrst fype only one character written by
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one specific writer and its character selects femilar personal dictionary and the second
type space feature obtained the recognition. Theopal dictionary could not use off-line
character recognition, because the charactersewiy a specified writer cost more. They
proposed two new generation methods of personafreton dictionary. The first was the
expectation of personal dictionary (used as to awprthe accuracy of the character
recognition).The second was for previous personatiotharies (used as “Weighted
direction index histogram method”).It was used fline process. The personnel dictionary
rate of 91% was relatively higher to that of a gahélictionary,i.e, 82% for character

recognition.

Eraqi and Sherif (2011)stated a new technique for on-line Arabic handagitecognition
based on new on-line graphemes segmentation taghtigt depends on the local writing
direction. Baseline detection, delayed strokesdtiete, Piece of Arabic Word (PAW) main
stroke construction, and characters constructiomfthe basic graphemes are issues that
have been addressed in this research paper. Theraytresented in this paper a new
complete system for on-line Arabic handwriting rgeition. The main contribution of this
work is the new on-line graphemes segmentationnigae that depends on the local
writing direction. This system achieves a high ggubon rate using a simple feature
extraction and character construction rules. Retiognerrors analysis showed that the
contribution of segmentation errors in system arwwas very little as compared to other
problems which are almost confined to two main f@ois; writing strokes disorder and

delayed strokes drifting.

Dhir et al. (2011)presented recognition of handwritten Gurumukhi naise They have
used three different feature sets. First featutasseomprised of distance profiles having
128 features. Second feature set is comprisedffefreint types of projection histograms
having 190 features. Third feature set is comprisedonal density and Background
Directional Distribution (BDD) forming 144 feature¥he SVM classifier with Radial
Basis Function (RBF) kernel has been used for ifileastson. They have obtained the 5-fold

cross validation accuracy as 99.2% using secondreeget consisting of 190 projection
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histogram features. On third and first feature,setsognition rates of 99.13% and 98% are

observed.

Jaremsri and Imprasert et al. (2011), in their research work, enhanced two major
processes of the previous work of the off-line Tihandwritten character recognition using
heuristic rules and neural network system. Thearebers proposed mainly two functions:
(1) Feature extraction enhancements to improvéetdeires conflict resolution rule and the
specialized neural network-based zigzag featureaetidon. These functions are used to
refine the conflict features and zigzag patterr®y. Neural network-based recognition.

Specifically, a neural network technique improvée tcapabilities of the recognition

process to handle various styles of writing.

The researchers applied neural network techniqueldntify and recognize the zigzag
pattern. The results showed that the additionalifeaconflict resolution rule could achieve
the feature extraction rate of 87.85% (increasd®%®), the feature extraction rate of the
specialized neural network-based zigzag extractonld achieve 90.48% (increased
47.9%) and the recognition rate of the neural netvibased recognition which combine
both of the two proposed feature extraction fumgi@ould achieve 92.78% (increased
9.77%).In addition, integrating these two techngjte the other techniques as a hybrid

approach would be very beneficial to the Thai hatitten character recognition system.

Kumar et al. (2011) have attempted grading of writers based on offlGermukhi
characters written by them. Grading has been aclsimep based on statistical measures of
distribution of points on the bitmap image of cltaeas. The gradation features used for
classification are based on zoning, which can wliggrade the characters. In this work,
one hundred different Gurmukhi handwritten dates deive been used for grading the
handwriting. They have used k-NN, HMM and Bayesiktision-making classifiers for
classification. They have taken samples of Gurmuklaracters from one hundred different
writers. In the process of grading, they have fotlrewriter with best handwriting, based
on the characters taken in 19 the data set. They talculated average score of all writers
obtained by them when the five features and thiessifiers are used. It has been observed
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that most of the researchers have done recognitionline as well as offline Handwriting

recognition systems using HMM, knearest neighbWiMSEM, Naive Bayes methods.

Sanmorino and Yazid (2012)jn their research paper, carried out a survey &odwritten
signature verification. The process which they detd to recognize an individual’s
handwritten signature can be divided into two namas depending on the data acquisition
method, off-line and on-line signature verificatidn this paper, the signature verification
is based on three categories. In the first categibwy authors judged how to get data
signature which is off-line and on-line verificatioSecond is rule based approach, neural
networks, hidden markov model and support vectochime. Third is based on pre-
processing and feature extraction, which is thignand line segmentation. Signature
verification using neural network is widely used; werification using NN is easy to
implement. Just with simple linear algebra captaésdj a developer can create artificial NN
system without experiencing any problem. One of shelies that make use of NN for
signature verification is performed by Pan sare 8mdtia, which studies the relation
between signature and classes based on signatiteefe extraction. Based on the survey
authors concluded that each verification methoditsa®wvn advantages and disadvantages.
It is very difficult to determine the best methaxlevery method uses different parameters.
However, if viewed from the ease of implementateomd performance of verification,
artificial neural networks (NN) or hidden markov deb (HMM) is the right choice this
time. If you have a lot of reference data, but héneted funds, you can use a neural
network (NN) as a method of verification. If seean the data obtaining signatures, on-
line verification is more advisable than the offdi verification. Information obtained

through on-line verification is more diverse andheut noise.

Dubey and Agrawal (2012)stated that biometrics provide confirmation of faun® on the
basis of their biological features. Computer sogermometrics to be specific was used as
an aspect f determination and access control. Hatagvis one of the most widely used
biometric systems for authentication of person @&l ws document. Online and offline

signature was existing in person identification andhentication. The authors, in their
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research paper, discussed various features ohefflignature recognition and verification

process. Steps in signature recognition are aswsll

1) Data Acquisition: The signature to be processethbysystem should be improper
digital image format.

2) Pre-processing: Image capturing devices causeetbe to normalizing input image
of signature. This stage is further sub-dividedointhe following stages:
Normalization, Image Binarization, Data Area Craygpand Thinning.

a) Normalization: Before any further processing tagke; a noise reduction filter is
applied to the binary scanned image.

b) Image Binarization: It allows us to reduce the antoof image information
(removing colour and background), so the outputgens black-white. The black-

white type of the image can be more easily furfirecessed.

Fig. 2.2: Binarized Image

c) Data Area Cropping: The signature area is alienfited the background by using

the well-known segmentation methods of vertical hadzontal projection.

Fig. 2.3: Erodated and Dilated Image
24



Kaur and Arora (2013) found that artificial neural networks model inspirey human
nervous system was capable of learning. An imporegplication of artificial neural
network is character recognition. It finds its apglion in banking, security products,
hospitals in robotics, etc. The paper was baseal gystem that recognizes English numeral
given by the user which is already trained on #eures of the numbers to be recognized
using NNT. The features of the number given byuber are extracted and compared with
the feature database, and the recognized numbesplyed. Neural networks are used to
solve the tasks which are very difficult to solwedonventional computer or human beings.
The main aim of using this algorithm is to redulce érror which is difference between the
computed value of neural network and desired vaByeusing artificial neural network

methodology for English numeral recognition, 99%uwaacy was achieved.

Shokoohi et al. (2013) proposed new handwritten numbers recognition bygusiparse
structure representation. The authors introducggbase structure which is a over-complete
dictionary, and it is known as K-SVD algorithm. Tdistinction between proposed method
with previous methods in addition to using the CHhl K-SVD algorithm is non-linear
feature extraction. The complex neural network dssof a neural network with
supervised learning architecture. CNN can be do/idgo two subparts: 1. automatic
extractor of features, 2. learnable category. With use of sparse structure and over-
complete dictionary, the researchers investigagdi&n handwritten numeral recognition
on the database CENPARMI.
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Chapter-3
Representing Mathematical Functions Using ANN

3.1 Artificial Neural Network

Artificial Neural Networks (also known as Neural tWerks) are composed of simple
elements operating in parallel. These elementsnapred by biological nervous systems.
As in nature, the network function is determinedyddy by the connections between
elements. The functionality of a neural networldetermined by the combination of the
topology (number of layers, number of units perelayand the interconnection pattern
between the layers) and the weights of the conmregtivithin the network. The topology is
usually held fixed, and the weights are determibgda certain training algorithm. The
process of adjusting the weights to make the ndtwearn the relationship between the
inputs and targets is called learning, or traininBuch a situation is shown in Fig. 3.1.
there, the network is adjusted, based on the inpidgen nodes and output, until the
network output matches the target.

Trmining Data
Trt Deesired oty
targit
RITOT
Objective
ot

Tratning Algarithm ﬁ
(optirdzation method)

Fig. 3.1: Architecture of Neural Network

It is often posed as a function approximation peablgiven training data consisting of
pairs of input patterng and corresponding targetthe goal is to find a functiodifx) that
matches the desired response for each training.ilNaural networks have been trained to

26



perform complex functions in various fields of dpgtion including pattern recognition,
identification, classification, speech, and visamd control systems. There are a variety of

designs and learning techniques that enrich thecebhdhat a user can make.

3.1.1 Network Topologies

The topology of a network is defined by the numbttayers, the number of units per
layer, and the interconnection patterns betweesr&fArulmozhi, 2011). There are various
categories based on the pattern of connections sschmewff (feed-forward back

propagation network), newcf (cascade-forward bac&pagation network), new elm

(Elman back propagation network), etc. According test performance outcome of
network, feed-forward back propagation networkhis tmain focus of this dissertation. In
all mathematical problems, this kind of networkdlmgy is used.

Input

10 1
Fig. 3.2 :Network Architecture for one Input and one Output Function

Today, neural networks can be trained to solve dexnproblems that are difficult for
conventional computers or human beings. So, tesgnt different mathematical functions,
the artificial neural network is used to train thetwork. ANN is self-adjusting to a new

environment without using any pre-programmed irt$ions.

3.1.2 Training Data

Training a network consists of an iterative processwhich the network is given the
desired inputs along with the correct outputs fuose inputs. It then seeks to alter its
parameters to try and produce the correct outpithifwa reasonable error margin). If it
succeeds, it has learned the training set andaidyréo perform upon previously unseen
data. If it fails to produce the correct outputeatreads the input and again tries to produce

the correct output. The MATLAB is used to train thetwork. The default training
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optimization method is trainlm (Levenburg-Marquangtich is a combination of gradient
descent and Newton’s method (Xue and Chen, 2009).

Different tuning parameters have been used to tf@nnetwork. These are described in
Table 3.1.

Table 3.1: Tuning (Training) Different Parameters

nt

S.No.| Parameters Description Values
1. Input No. of neurons as of inputs where a, bd @anare rea
numbers
Output No. of neurons as outputs Y function output
Hidden unit | Number of neurons in the hidders = size
layer. It is denoted by S.
Epochs maximum no. of iteration 1000
5. Training Newff (feed-forward neural network), //algorithm
algorithm
6. Normalization| To set the resize of function. it s
denoted by R.
7. Activation | Activation functions in the input layer{tansig’,'purelin’} The tansig
function Each hidden node and output nad@nction is the inverse tange
applies the activation function to if§ynction, which gives the
net input. These parameters are tuped performance as  our
simultaneously to minimize the tandard i 4 functi
prediction error on the training. standard — sigmol _ unc |9r1.
We also use purelin functign
for linear output.
8. “train” This process determines the “best” sétet = train(nek,y)
of epochs for our data set by training
the network.
9. Plot Plot command is used to graphic viewlot the progress of training.
of trained data.
10. Scatter A scatter plot might be the proper
graph when we try to show how two
variables may be related to each other.
11. Sim Simulates the neural networks.
12. Mean Square| Mse is a network performanceError function
Error function. It measures the network's

performance according to the mean
squared errors.

of
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3.1.3 Training Results
After the training process these parameters gimees@sultant values, which are exhibited
in Table 3.2.

Table 3.2: Training Results

S. No. Parameters Results
1. Input No. of inputs
2. Output No. of outputs
3. Time Maximum time taken
4, Performance Best performance at 1000 epochs
5. Gradient minimum gradient magnitude
6. Validation checks Validation checks at 1000 désoc
7. Graph Graphical Representation of data

3.1.4 Testing Data and Results

We need to test our network to see if it has foangbod balance between accuracy and
generalization. To test network there should beedtht parameter values put into function.

It gives different resultant values according te ttained network.
3.2 Mathematical Functions

In this work, we have approximated following fummets using ANN.

1. Linear functiony = a + kx.
Quadratic functiony = a + bx + o
Sin(x) function,y = sin(x).
Exponential functiony = exp).
Log sig) function,y = logsig).
6. Sigmoid functiony = sigmoidf).

arwn

3.2.1 Approximating One Variable Linear Function,y = a + Ix Using ANN
Linear functions are those whose graph is a straight line. Thatifienction taken in this

work has one independent variable and one dependaable. The independent variable is
x and the dependent variableyisTo represent the linear function, we need to taosthe
design procedure such as collecting data, credtiaghetwork, configuring the network,

training the network, and validating the network.
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3.2.1.1 Training Results of linear function

The parameters for the network that has been tdmreimplementing linear function are
given in Table 3.3.

Table 3.3: Training Parameters of Linear Function

S. No. Parameters Results

1. Input x=-100:0.2:100
a=-50:0.1:50
b=-50:0.1:50

2. Output y=a+Ix

3. Hidden unit S=10

4, Normalization R =[-10 10]

5. Epochs 1000

6. Time 0:00:24

7. Performance 1.69 (The best performance at 1006hs)

8. Gradient 10.2969 at 1000 epochs

9. Mu 1.00e-05 at 1000 epochs

10. Validation checks 0

3.2.1.2 Graphical Representation of Training LinearFunction

Graphs are often an excellent way to display treilte It contains the two axis, the
independent variable on tkxeaxis which shows the actual value of function cdph and
the dependent variable on tlyeaxis shows the value of function by ANN. x4line
graph shows the relationship between our deperatehindependent variables which plot

the linear line. The graph is given below in Fig 8uring the training process of data.
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Training of Data:

Linear Function

65000

5000 | —

4000 —

3000 —

2000 —

Value of function by ANN

1000 | —

_1000 1 1 1 1 1 1
-1000 0 1000 2000 3000 4000 5000 6000

Actual value of function

Fig. 3.3:Value of Function by ANN Vs. Actual Value of Functon for the Function
3.2.1.3 Testing Results of Linear Function

We need to test our network to see if it has foarngbod balance between accuracy and
generalization. Different parameter values are usddst the network which are shown in
Table 3.4.

Table 3.4: Testing Parameters of Linear Function

S. No. Parameters Results

1. Input x1 =-100:0.3:100
al =-50:0.15:50
bl =-50:0.15:50

2. Output yl=al+ bkl

3. Time 0:00:26

4, Performance 1.6869 (The best performance at &966hs)
5. Gradient 10.8298 at 1000 epochs

6. Mu 1.00e-05 at 1000 epochs

7. Validation checks 0
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The graph during the testing process of datanesali function as shown in Fig. 3.4.
3.2.1.4 Graphical Representation of Testing LineaFunction

Testing of Data: Output of tested data of linear function

Linear Function
E‘UDU T T T T T T

5000

4000 - 4

3000

2000 a

Value of function by ANN

1000

_1':”:”:] 1 1 1 1 1 1
-1000 0 1000 2000 3000 4000 5000 6000

Testing value of function

Fig. 3.4: Value of Function by ANN Vs. Testing Value of Fundbn for the Function
3.2.2 Approximating One Variable Quadratic Function y = a + bx + cx? Using ANN

A quadratic function is a second-degree polynotiattion of the formy = a + bx + o¢,
where a, b, and c are real numbers. Every quadtatation has a “u-shaped” graph called
a parabola. To represent the quadratic functionneesl to construct the design procedure
such as collecting data, creating the network, igonhg the network, training the network

using neural network techniques and validatingntstevork.
3.2.2.1 Training Results of Quadratic Function

The data and results of quadratic function arellggted in Table 3.5.
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Table 3.5: Training Parameters of Quadratic Function

S. No. Parameters Results
1. Input x=-15:0.15:15
a =-5:0.05:5
b =-5:0.05:5
c =-5:0.05:5
2. Output y= a+h+od
3. Hidden unit S=12
4, Normalization R =[-10 10]
5. Epochs 1000
6. Time 0:00:53
7. Performance 0.17244(The best performance at é006hs)
8. Gradient 2.2892 at 1000 epochs
9. Mu 1.00e-06 at 1000 epochs
10. Validation checks 0

3.2.2.2 Graphical Representation of Training Quadréc Function

The graph formed during the training process ofigatéc function is shown in Fig. 3.5.

Training of Data:

Value of function by ANN

1500

Quadratic Function

1000

500

-500 |

-1000

-1500

1
-1500 -1000

1 1 1 1
-500 a 500 1000 1500
Actual value of function

Fig. 3.5:Value of Function by ANN Vs. Actual Value of Functon for the Function
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3.2.2.3 Testing Results of Quadratic Function
We have used different parameter values to teshewvork which are shown in Table 3.6.

Table 3.6: Testing Parameters of Quadratic Function

S. No. Parameters Results
1. Input x1 =-15:0.06:15
al =-5:0.02:5
bl =-5:0.02:5
cl =-5:0.02:5
2. Output yl = al +b%+ cl¥
3. Time 0:00:53
4, Performance 1.3883e-06 (The best performant@Qit epochs)
5. Gradient 0.7442 at 1000 epochs
6. Mu 1.00e-08 at 1000 epochs
7. Validation checks 0

3.2.2.4 Graphical Representation of Testing Quadrat Function
The graph formed during the testing process of raiedfunction is shown in Fig. 3.6.

Testing of Data:

Quadratic Function

1500

1000 —

500 —

-500 B

Value of function by ANN
=
|

-1000 —

-1500 - - . . ,
-1500 -1000 500 0 500 1000 1500

Testing value of function

Fig. 3.6: Value of Function by ANN Vs. Testing Value of Funabn for the Function
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3.2.3 Approximating Function, y = sin(x) Using ANN
The sink) function may accept both real and comp
on real numbers. It returns the real values innterval

3.2.3.1 Training Results of sin{) Function

lex inpWs. have, however, worked

-1, 1].

Different tuning parameters used to train our nekwase shown in Table 3.7 below.

Table 3.7: Training Parameters of sink) Function

S. No. Parameters Results
1. Input x=-2:0.01:2
2. Output y = sink)

3. Hidden unit S=20

4, Normalization R=[1 1]

5. Epochs 1000

6. Time 0:00:08

7. Performance 0.000211 (performance at 365 epochs)
8. Gradient 7.42e-08

9. Mu 1.00e-09

10. Validation checks 0

3.2.3.2 Graphical Representation of Training sin{) Function

The graph formed during the training process o dashown in Fig. 3.7.

Training of Data:

Sin(x) Function

Value of function by ANN

1 1 1 1 1 1
-0.8 -0.6 -0.4 -0.2 0 0.2

Actual value of function

1 1 1
0.4 0.6 0.8 1

Fig. 3.7:Value of Function by ANN Vs. Actual Value of Functon for the Function
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3.2.3.3 Testing Results of simj Function

Different parameter values used to test our netwdrich provide the resultant values, are
shown in Table 3.8.

Table 3.8: Testing Parameters of sin{) Function

S. No. Parameters Results
1. Input x1 =-2:0.02:2
2. Output yl = sinkl)
3. Time 0:00:09
4, Performance 0.000211 (performance at 396 epochs)
5. Gradient 6.69 -08
6. Mu 1.00e-09
7. Validation checks 0

3.2.3.4 Graphical Representation of Testing si®j Function
The graph formed during the testing process oksiafiction is shown in Fig. 3.8.

Testing of Data:

Sin(x) Function

0.8

0.6

0.4

0.2

0.2k

04l

Value of function by ANN
=

-0.6F

0.8}

1 1 1 1 1 1 1 1 1
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Testing value of function

Fig. 3.8: Value of Function by ANN Vs. Testing Value of Funabn for the Function
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3.2.4 Approximating Exponential Function,y = exp&) Using ANN

The exponential function is a mathematical functionwhich an independent variable
appears in one of the exponents. The function asdsgpth real and complex inputs. For

real values exp function returns the values innkerval (0,0).
3.2.4.1 Training Results of exp() Function

In the training process, we train the neural nekwging some parameters. The value of
these parameters for exg) unction is given in Table 3.9.

Table 3.9: Training Parameters of expX) Function

S. No. Parameters Results
1. Input x=-1:0.01:1
2. Output y = expg)

3. Hidden unit S=50

4. Epochs 1000

5. Normalization R =[-20 10]

6. Time 0:00:46

7. Performance 2.56e-10 best performance at 108€hsp
8. Gradient 1.48e-07

9. Mu 1.00e-08

10. Validation checks 0

3.2.4.2 Graphical Representation of Training exp() Function

The graph formed during the training process of(@xfunction by ANN is shown i

Fig.3.9.
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Training of Data:

Exponential Function
3
251 -
=
Z 2 .
=
=
=
=
B 156} -
=
=
]
s I
0.5 -
U 1 1 1 1 1
0 0.5 1 1.5 2 25 3
Actual value of function

Fig. 3.9:Value of Function by ANN Vs. Actual value of Functon for the Function

3.2.4.3 Testing Results of exgj function

Different parameter values that have been useestoour network are shown in Table 3.10.

Table 3.10: Testing Parameters of exp Function

S. No. Parameters Results
1. Input x1 =-2:0.02:2
2. Output yl = expkl)
3. Time 0:00:46
4, Performance 1.49e-09 performance at 1000 epochs
5. Gradient 3.79e-07
6. Mu 1.00e-07
7. Validation checks 0

3.2.4.4 Graphical Representation of Testing exp) Function

The graph formed during the testing process of»Xpfction is shown in Fig. 3.10.
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Testing of Data:

Exponential Function
3 T

2.5

Value of function by ANN
b

0.4 0.5 0.6 o7 0.3 g ] 1
Testing value of function

Fig. 3.10:Value of Function by ANN Vs. Testing Value of Funabn for the Function
3.2.5 Approximating the Functiony = logsigk) Using ANN

Logsig is a transfer function which calculates thgers output from its net input. It
generates the output between 0 and 1 as the ngumet'input goes from negative to
positive infinity.

3.2.5.1 Training Results of logsig() Function

Different tuning parameters have been used to wamnetwork. These are exhibited in
Table 3.11.

Table 3.11: Training Parameters of logsig() Function

S. No. Parameters Results
1. Input x=-10:0.01:10
2. Output y = logsig)
3. Hidden unit S=15
4. Epochs 1000
5. Normalization R =[-10 10]
6. Time 0:00:01
7. Performance 1.80e-16 at 35epochs
8. Gradient 1.82e-08
9. Mu 1.00e-14
10. Validation checks 0
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3.2.5.2 Graphical Representation of Training logsig) Function

The graph formed during the training process ofigQ@) function by ANN is shown in
Fig. 3.11.

Training of Data:

Logsig Function

Value of function by ANN
=
m
|

U 1 1 1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 o7 0.8 0.9 1

Actual value of function

Fig. 3.11: Value of Function by ANN Vs. Actual Vale of Function for the Function
3.2.5.3 Testing Results of logsig) Function

Different parameter values have been used to teshe&twork which provide the resultant

values and and are shown in Table 3.12.

Table 3.12: Testing Parameters of logsigj Function

S. No. Parameters Results
1. Input x1 =-10:0.02:10
2. Output yl = logsigkl)
3. Time 0:00:01
4. Performance 8.07e-20 at 29 epochs
5. Gradient 4.28e-12
6. Mu 1.00e-10
7. Validation checks 0
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3.2.5.4 Graphical Representation oTesting logsigk) Function
The graph formeduring the testing process logsigk) function is shown in Fi¢3.12.

Testing of Data:

Logsig Function

Value of function by ANN
=
{45]
|

1 1 1 1 1 1 1 1 1
0 0.1 0z 0.3 0.4 0.5 0.6 o7 0.8 0.9 1
Testing value of function

Fig. 3.12: Value of Function by ANN Vs. Testing Value of Finction for the Function

3.26 Approximating sigmoid Function, s=1/ (1 + exp(t) Using ANN

A sigmoid functionis € mathematical functiohaving an "S" shapesigmoid curve). It

refers to the special case of logistic function and isdefined by the formu

1

Multilayer networks typically use sigmoid transfaenctions in the hidden layerSigmoid
functions are characterized by the fact that thleipe must approach zero, as the input

larger.
3.2.6.1 Training Results of sigmoic) Function

Different tuning paameter have been used to train our netwathich arehighlighted in

Table 3.13.
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Table 3.13: Training Parameters of sigmoid() Function

S. No Parameters Results
1. Input x=-10:0.01:10
2. Output y = sigmoidg)
3. Time 0:00:07
4. Hidden unit S =10;
5. Epochs 1000
6. Normalization R =[-10 10]
7. Performance 1.82e-15 at 85 epochs
8. Gradient 6.81e-08
9. Mu 1.00e-10
10. Validation checks 0

3.2.6.2 Graphical Representation of Training sigmai(x) Function

The graph formed during the training process omsigl(x) function by ANN which is
shown in Fig. 3.13 as given below:

Training of Data:

sigmoid Function

Value of function by ANN
=
{45]
|

1 1 1 1 1 1 1 1 1
] 0.1 0.z 0.3 0.4 0.5 a.6 o7 0.8 0.9 1
Actual value of function

Fig. 3.13:Value of Function by ANN Vs. Actual Value of Functon for the Function

42



3.2.6.3 Testing Results of sigmoig) Function

Different parameter values have been used to teshe&twork which provide the resultant

values, and are shown in Table 3.14.

Table 3.14: Testing Parameters of sigmoiaj Function

S. No. Parameters Results
1. Input x1 =-10:0.02:10
2. Output yl = sigmoidgl)
3. Time 0:00:03
4, Performance 9.30e-17 at 48 epochs
5. Gradient 1.53e-08
6. Mu 1.00e-10
7. Validation checks 0

3.2.6.4 Graphical Representation of Testing sigmofd) Function

The graph formed during the testing process of sig(®) function is shown in Fig. 3.14 as
given below:
Testing of Data:

sigmoid Function
1 T T

0.9 B

0.8 B

0.7 B

0.6 | —

05 B

o4l -

Value of function by ANN

03F B

0.2 —

01 B

U 1 1 1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Testing value of function

Fig. 3.14: Value of Function by ANN Vs. Testing Value of Funabn for the Function
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Chapter-4

Recognition of Online Handwritten Gurmukahi
Numerals using ANN

4.1 Online Handwritten Gurmukhi Numerals Recognitian

Recognition database has been created to recop@z@urmukhi numerals. It is shown in

Table 4.1. The database has a unique stroke-igiely symbol (Gurmukhi numeral). Ten

numerals of Gurmukhi numbers from zero to nine Haaen taken for this process.

Table 4.1: Gurmukhi Numerals Database

S.No. Stroke ID Symbol Description Description
1. 1 CE One Ikk
2. 2 Two Do

4]

3. 3 5 Three Tinn
4, 4 8 Four Char
5. 5 2_,] Five Punj
6. 6 é Six Che
7. 7 _(,) Seven Satt
8. 8 t Eight Ath

9. 9 ‘CL Nine Naum
10. 0 O Zero Sifar
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Data from 30 different people has been collectedHe recognition of Gurmukhi numerals.
Each writer contributed 10 samples of each nunfevah zero to nine. Table 4.2 displays

some of the samples of collected dataset.

Table 4.2: Handwritten Samples of Gurmukhi Numerals

Digit Sample 1 Sample 2 Sample 3 Sample 4 Sample 5
0 S - ) -} )
1 I.‘-'g ; 'i ;.II g_]
¢ {

3 =,

o
N S D N AT
5 ‘.['L}'-\ -1«4& 1 LY <
6

8 .[ - ?/} L .ul:_--- 1
. b A -
9 "‘,l'J_ l:?_,.C ot _':- - 2T e

4.2 Methodology Used

The system automatically uses the intelligenceagéiled neural network to recognize the
Gurmukhi numerals. The neural network applied angiistem utilizes the Steepest Descent
Algorithm with Adaptive Learning Rate as the leamrule, which is used for the training
of the neural network (Dhiet al, 2011). The basic flow of the system is highleghin
Fig. 4.1.
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Neutral Network Initialization and Training

Extracted Database

Input Test Data

Recognizing the Number based on Extracted Fe:

Fig. 4.1: Steps to Recognize a Handwritten GurmukhNumeral

4.2.1 Neural Network Architecture

The neural network training aims to find the cortimecbetween neurons that determine the
global minimum of the error function. In this wotkevenberg-marquardt algorithm to train
the classifier for the classification of Human wityi data from the accelerometer sensor.
For the activity recognition, a fast training waspgosed to be used. Therefore, the
Levenberg-marquardt algorithm is used for trairtimg neural network. Finding the global
minimum also requires selection of some parame@fd.LAB provides the default values
for these parameters (Xue and Chen, 2009). An érapiapproach was followed for
modifying the parameter values for the designingha neural network. The values of
parameters used in this design are shown in Talllevth a brief description of each
parameter.

46



Table 4.3: Parameters Used for Neural Network Traimg

Parameters Value Description Daf#t Value Description
Input 64x64 Input data
Output 1 Output data
Epochs 1000 Maximum No. of epochs
Time 00:00:00 Minimum time
Performance 0.01 Minimum performance gradien!
Hidden layer size 10, 20 No. of hidden layers
Mu 0.0001 Initial Mu
Validation checks 0 0

User handwriting input with 64 pixel performs onatmut as digit. The neurons are

arranged into various layers: Input layer, Hiddayel and Output layer. The neurons in
each layer are fully interconnected by connectimangths called as weights. Also, each
hidden and output layer neuron consists of a l@as fassociated with it. The designing of

neural network involves the decision in number idden layers and number of neurons in

each layer along with the transfer functions. lis tvork, MATLAB neural network has

been used for implementation (Xue and Chen, 2008e network architecture for

implementation is shown in Fig. 4.2 with 10 (nonefurons) and in Fig. 4.3 with 20 (no. of
neurons). The performance of the neural networvaduated with the increasing number
of hidden layers as well as each hidden layer msufor both the training and testing data.

Here, we divide the database for training in twoety. Firstly, we train the database with 10

neurons, and then with 20 neurons which is showFigares 4.2 and 4.3 respectively.
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Hidden Output

Input

128

Fig. 4.2: Network Architecture for Implementation of Gurmukhi Numerals by Using
10 Neurons of ANN

Hidden Qutput

Fig. 4.3: Network Architecture for Implementation of Gurmukhi Numerals by Using
20 Neurons of ANN

4.2.2 Feature Extraction

Feature extraction is used to extract relevantufeat for recognition of Gurmukhi
numerals. Firstly, features are computed and ebetla@nd then most relevant features are
selected to construct feature vector which is uggdrecognition. The computation of
features is based on statistical, structural, tveal, moment, and transformation like
approaches. Feature extraction is extracting indion from raw data which is more
relevant for the classification purpose and thatimizes the variation within a class and

maximizes the variations between classes (Bhal.,2011).
4.2.2.1 Handwritten Input Datasheet for Gurmukhi Numerals Recognition

Input the excel database sheet as input which ibetdested. Input data may be any

numerals from 0 to 9. It may be 0, 1, 2, 3, 4,,5,8, 9. The samples have been taken as x

and y coordinates. We have taken 50, 100, 150 @adi#ferent users’ samples to train the
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neural network as shown in Fig. 4.4 up to 64x64nts0i The output shown in output

datasheet is shown in Fig. 4.5.

FY f GA GB ae aD GE GF GG GH Gl al K 6L | GM  GN | G0 GP GQ | GR
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13 A i il 4 4 10 30 pii 4 P U § 1 f 3 3 pli pii 4

D I I - N ¥ S 1 [ A L  : N VAR I A A AN VAR
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Fig. 4.4: Datasheet of Numerals as Input
4.2.2.2 Output Datasheet of Gurmukhi Numerals Recagtion

According to input, next datasheet (Fig. 4.5) shdhes output window with stroke-id

number.
A B C D E F G H | J K L M N 0 P Q R § T
1 ] 0 0 ] 0 1 1 1 1 1 2 2 2 2 2 3 3 3 3 3|:
2
3
4
5
]
7
)
9

Fig. 4.5: Datasheet of Numerals as Output
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4.2.3 Neural Network Training

Neural network is trained as shown in Figures 4d 4.3. Here, we have set 1000
iterations for the network to train. It shows oerformance goal, and maximum number of
iterations. Other parameters of network also ghe talue as Time taken for training of

network. It is displayed as 0:00:36, mse, as wéalP86 as performance.

The whole data was divided into three folds; 70%dar training, 15% each for validation
and testing. Of these three folds, two were usetafing data sets and the rest as the test
data. The training and testing process was repdatedll the possible combinations of
these three folds. The training performance asuatled from the performance command
was computed as 0.057 which was the best perforenanc

4.2.4 Training Results Pertaining to Gurmukhi Numeals’ Recognition

Data is tested to check whether there is a goodnbal between accuracy and
generalization. The 15% of data used for testinggythe resultant performance output of
0.79586. The recognition accuracy for training dataGurmukhi numerals is given in
Table 4.4 and outputs shown in Figures 4.7 to l4.%he table given below we present the
training accuracy for different number users,, 50, 100, 150 and 200 by using 10 and 20
neurons in ANN.

Table 4.4:Recognition Accuracy for Training Data of Gurmukhi Numerals

S. No. Size of Training | No. of Neurons in Hidden | Recognition Accuracy (%)
Data Layer
1. 50 10 91.1
2. 50 20 94.2
3. 100 10 90.0
4. 100 20 96.1
5. 150 10 90.1
6. 150 20 93.3
7. 200 10 92.2
8. 200 20 96.4
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The best accuracy of 92.2% has been achieved Witieirons of ANN, while it is 96.4%
with 20 neurons.

4.2.5 Testing Process and Results of Recognizing iGwkhi Numerals

The testing has been done on database which issedtin the training of neural network.

The basic flow of testing the system is shown o Bi6.

Neural Network Trained Database

Input Test Data

Recognizing the Number Based on Feature Extrac

Output of GurmukhNumeral

Fig. 4.6: Steps for Testing to Recognize a Handwtén Gurmukhi Numeral

The testing results of recognizing Gurmukhi nuneeeate shown in figures as given below:

0

>> final DA test

o =

0.1309

»>> final DL test
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»» final DA test
D=

1.0673

2.3936
>»> final DA test
O=

2.3936

»>» final DA test
D=
3.0825

>> final DA test

>> final DA test
D=
4.2345

>» final DA test

=l

-
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»> final DA test

O =

2.0284

>» fina ]__Dh._test

Fig. 4.8: Testing Output of 3, 4, 5 of Gurmukhi Nunerals

>> final DA test ". = il
-D ===
B
6.0270
5 .
e o

>» final DR test

O =

T.1287

»»> final DR test

>»> final DA test

O =

8.2565

»» final DA test
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»>» final DR test !l = 4

o=

8.9369

g

Fig. 4.9: Testing Output of 6, 7, 8, 9 of GurmukhNumerals
The figures given above reflect the output of 0G@mukhi numerals.
4.3 Performance Parameters

The performance parameters show the accuracy o$ybem in terms of its parameters

like gradient, validation, learning rate and trami

Best Validation Performance is 0.79586 at epoch §

Train
10 Validation b
Test
- Best
£ .=
= 107
o
L]
-10
E 10 -
m
= |
®
c 1077}
[]
@
=
10}
] ] ] ] ] ] ] ] ] ] ]

11 Epochs

Fig. 4.10: Graph for Best Validation Performance at Epochs
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- Gradient = 8.1502e-11, at epoch 11
1[] T T T T T T T T T T
5 .0
s 100 F .
m
= ___-__\*'“--
1[]'2':' 1 1 1 1 1 1 1 1 1 1
o Mu = 1e-12, at epoch 11
1[] 1 1 1 1 1 1 1 1 1 1
E 1n"°\ |
1[]-20 1 1 1 1 1 1 1 1 1 1
Validation Checks = 6, at epoch 11
-1[] T T T T T T T T T T
= 4
= 5 + ]
= ¢+ ¢
’ *
U | | | |
? % g 2 g 4] 7 o 9 10 ik
11 Epochs

Fig. 4.11: Graphs Showing the Parameter Values

Training: R=0.97549

[ Data &
Br Fit
------- Y=T
E_

Output ~=0.92*Target + 0.68

0 2 4 6 8
Target

Fig. 4.12: Graph shows the Best Training Performane according to the target value
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Test: R=0.97419

< Data ]

Output ~=1.1*Target + 0.23

Target

Fig. 4.13: Graph shows the Best Testing Performanaecording to the target value

4.4 Testing Results for Data of 100 Users

After training, the performance of network wigsted by taking into account the data of
100 users to find the results which are exhibited@able 4.5.

Table 4.5:Recognition Accuracy for Testing Data of Gurmukhi Numerals

S. No. Size of Size of No. of Neurons in | Recognition Accuracy
training Data | Testing Data Hidden Layer (%)
1. 50 100 10 82.1
2. 50 100 20 85.0
3. 100 100 10 76.3
4. 100 100 20 82.6
5. 150 100 10 72.6
6. 150 100 20 88.1
7. 200 100 10 75.5
8. 200 100 20 89.6
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Neural networks have here been used to solve s t@hich are otherwise difficult for the
conventional computers or human beings. The retognof Gurmukhi numerals has been
done by using gradient descent based back propadaining algorithm. The main aim of
using this algorithm is to reduce the error whighhe difference between computed value
of neural network and desired value. By using iaréif neural network methodology, tested

on 100 userstlata of Gurmukhi numeral recognition, 89.6% accyt@as been achieved.
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Chapter-5
Recognition of Special Characters using ANN

5.1 Special Characters Recognition

To recognize special characters (symbols), a da¢alas organized which is shown in
Table 5.1. Every special character has been givesieaence number,e., stroke-id. The

following 20 symbols have been used in this work.

Table 5.1: Special Characters Database

S. No. Stroke 1D Symbol Description

1. 20
- Hyphen

Backslash

Forward Slash

Square Open Bracket

Square Close Bracket

Round Open Bracket

Round Close Bracket

Open Curly Bracket
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Table 5.1 (Contd.)

9. 36 _% Close Curly Bracket
10. 38 (

Apostrophe
11. 40 @ At the Rate
12. 42 ) Comma
13. 44 Dot
14, 46 < Less Than
15. 48 > Greater Than
16. 50 $ Dollar Sign
17. 52 ks Tilde
18. 54 N\ Caret
19. 56 8( Ampersand
20. 58 ’) Question Mark

To carry out the recognition process, data has belected from 20 users for these special

characters. Each user contributed 20 samples ¢f gaecial character. The samples have
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been taken ax andy coordinates. We have taken 50, 100, 150 and 2€reht users’
samples for training the neural network. The outphich appears in output datasheet is

shown in Fig. 5.4.
5.2 Steps for Reorganization of Special Characters

The system automatically uses the intelligenceagéiled neural network to recognize the
special characters. The neural network appliechendystem utilizes the steepest descent
algorithm with adaptive learning rate as the leagmniule, which is used for the training of

the neural network. The basic flow of the systemisplayed below in Fig. 5.1.

Neural Network Initialization and Training

Extracted Feature Database

Input Test Data

Recognizing the Special Character based on Extt&ature

Fig. 5.1: Steps to Recognize a Handwritten Speci@haracter

5.3 Neural Network Architecture

The objective of the neural network training wadital the connection between neurons
which determine the global minimum error functidn.this work, Levenberg-marquardt

algorithm has been used to train the classifieiterclassification of Human activity data
from the accelerometer sensor. For the activitpgadion, a fast training was supposed to

be used. Therefore, the Levenberg-marquardt akgoriis used for training the neural
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network. Finding the global minimum also requireslestion of some parameters.
MATLAB provides the default values for these partene The values of parameters used

in this design are presented in Table 5.2 withief blescription of each parameter.

Table 5.2: Parameters Used for Neural Network Traimg for Special Character
Recognition

Parameters Value Description Def#walue Description
Input 64%x64 Input data
Output 1 Output data
Epochs 1000 Maximum No. of epochs
Time 00:00:00 Minimum time
Performance 0.01 Minimum performance gradient
Hidden layer size 10, 20 No. of hidden layers
Mu 0.0001 Initial Mu
Validation checks 0 0

As mentioned earlier, the neurons are arranged vatmus layers: Input layer, Hidden
layer and Output layer. A general architecture rofagtificial neural network is shown in
Figures 5.2 and 5.3. The neurons in each layerfudhe interconnected by connection
strengths called as weights. Also, each hiddenaartdut layer neuron consists of a bias
term associated with it. The designing of neurévoek involves the decision in number of
hidden layers and number of neurons in each ldgagawith the transfer functions. In this
work, MATLAB neural network has been used for impéntation. The network
architecture for implementation has been done dittand 20 neurons in the hidden layer.
The performance of the neural network has beeruated with the increasing number of
hidden layers as well as each hidden layer nedarribe training as well as testing of data.
Here, the database for training has been dividé&al tiwo types. Initially, we trained the
database with 10 neurons and then with 20 neurons.
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Hidden Output

Input

128

Fig. 5.2: Network Architecture for Implementation of Special Characters by Using 10
Neurons of ANN

Fig. 5.3: Network Architecture for Implementation of Special Characters by Using 20
Neurons of ANN

5.4 Feature Extraction

Feature extraction is carried out to extract rekvi@atures for recognition of special
characters. Firstly, features are computed andetetl; and then most relevant features are
selected to construct feature vector which is deedecognition (Ghardet al.,2013). The
computation of features is based on statisticaiucsiral, directional, moment, and
transformation like approaches. Feature extrad8aextracting information from raw data
which is more relevant for the classification pwpoand that minimizes the variation

within a class and maximizes the variations betwsasses.

5.4.1 Handwritten Input Datasheet for Special Charaters’ Recognition

The data has been inputed to ANN using the exleelAi portion of this file is given in Fig.

5.4. The values in this file are the features i fitrm ofx andy coordinates of a stroke.
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We have taken 50, 100, 150 and 200 different usarsiples to train the neural network as
shown in the Figure given below:

FZ GA GB GC GD GE GF G6 GH Gl Gl GK 6L GM GN GO GP GQ GR G5
1 196 268 U5 269 27 300 228 300 A0 0 0 0 0 0 0 0 0 32| Dll
2 300 27 300 280 269 250 259 252 24 20 10 0 19 A 10 0 0 0 3
3 182 252 229 253 12 28 213 28 27 10 i 7 10 9 i JE] 1 3 1
4 29 276 298 280 268 250 262 257 a1 16 9 15 18 18 10 0 2 3 35
5 168 236 213 37 197 268 198 268 215 19 pil 16 n A 20 U il 14 26
6 288 276 298 280 268 250 267 262 209 14 9 10 18 7 10 0 ] 3 34
7 154 20 197 21 18 252 183 252 02 2% 2 %5 i 2 u u 2 5 kL
8 283 275 298 280 268 254 m 268 206 10 9 8 17 1 10 0 9 9 i
9 141 206 181 206 167 26 168 240 189 6 40 3 2 2 4 45 45 3 49
10 amn m 290 280 268 258 276 1 203 8 10 7 7 1 10 0 9 1 3
1 127 190 165 189 152 230 161 24 176 4 30 a0 52 50 54 57 58 19 60
12 m 268 285 280 268 260 279 270 203 1] 9 0 13 9 10 0 8 18 2
13 113 1 149 mn 137 214 146 208 163 3l 3 30 62 62 63 67 68 2 i
1 269 268 279 20 267 264 0 270 195 0 3 0 1 10 10 0 8 2 26
15 109 158 133 155 123 198 131 192 150 61 6 38 7 n 75 i 77 M 82
16 255 267 27 280 258 267 78 270 188 0 3 0 8 8 10 0 8 by 3
7 96 ] 17 138 108 18 17 176 137 i n 63 36 i 86 8 30 33 9
18 41 260 m 280 257 268 n 270 189 0 3 0 8 0 10 0 10 2 20
19 82 128 101 121 94 167 103 161 125 81 85 7 9% 8 97 99 %8 69 105
20 228 45 258 m 250 260 268 267 176 0 5 0 8 0 10 0 1 by 20
2 n 12 86 104 80 151 89 145 112 91 9 90 104 94 108 110 m 81 118
2 215 240 253 271 U5 259 257 261 163 0 0 0 8 0 10 0 0 2 13
3 6 97 76 8 n 135 81 129 100 101 103 101 116 106 118 m 125 92 128
2 205 205 28 267 iy 255 250 260 151 0 0 0 9 0 9 0 0 il 17
25 62 85 66 81 63 120 0 114 %3 m 113 113 1n 17 130 132 137 103 138
2% 197 210 233 258 A7 250 235 51 139 0 0 0 1 0 10 0 0 20 10

Fig. 5.4: Datasheet of Special Characters as Input

5.4.2 Output Datasheet of Special Characters’ Recnogion

The output corresponding to the data given in bid.is given in Fig. 5.5. These are the
stroke ID assigned by us to different strokes.

GA aB 6l ab Gt GF 66 GH Gl Gl K 6L GM GN G0 GP 6a GR G5
36 3 3 3 36 ki ki 5 % % 5 5 5 5 3 5 B B

o | wn | e o [

Fig. 5.5: Datasheet of Special Characters as Input
5.5 Neural Network Training

After obtaining the entire data, it was dividedointvo data sets. The training data is used

for making the network learn from the data, andceersetting the network weights and
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biases using a training algorithm. The testing datased to check the performance of the
neural network. Classification of testing data cades that how well the network
generalizes the classification of new data. Thepteta data is divided into 3-ratios as 90%
data for training, 5% data each for validation &sting. Out of the three folds, two were
used as training data sets and the rest as thegtesita. The training and testing process is
repeated for all the possible combinations of tived fields. The training performance as

calculated from the performance command is the fir$brmance.
5.5.1 Training Results Pertaining to Special Charaers’ Recognizing

Table 5. 3:Recognition Accuracy for Training Data of Special Garacters

S. No. | Size of Training | No. of Neurons in Hidden | Recognition Accuracy (%)
Data Layer
1. 50 10 91.1
2. 50 20 93.0
3. 100 10 90.3
4. 100 20 96.0
5. 150 10 94.2
6. 150 20 97.1
7. 200 10 90.5
8. 200 20 95.6

The best accuracy of 94.2% has been achieved Witieirons of ANN, while it is 97.1%
with 20 neurons.

5.5.2 Testing Process and Results Pertaining to Sj& Characters’ Recognizing

The testing has been done on database which is tpveained neural network. The basic
flow of testing the system is shown below in Fi@.5.
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Neural Network Trained Database

Input Test Data

Recognizing the Special Character based on FeBturacted

Output of Special Character

Fig. 5.6: Steps for Testing to Recognize a Speciaharacter

The testing results pertaining to the recognitib®pecial Characters are produced below:

»>» specialchartest

O =

20.0000

o

65



»» specialchartest

O =

22

>

>» specialchartest

o =

24,0000

i

Fig. 5.7: Testing Output of -, \, / Symbols

>» specialchartest

o=

26.0000

>

>»> specialchartest

O =

28

g

>» specialchartest

O =

30.0000

-5

[ [T
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»» specialchartest

O =

32

g

Fig. 5.8: Testing Output of [, ], (, ) Symbols

>» specialchartest

O =

34.0000

o

»» specialchartest

O =

36.0000

>

>>» specialchartest

O =

38.0000

ege

>» specialchartest

O =

40.0137

g

Fig. 5.9: Testing Output of {,}, Comma, @ Symbols
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>» specialchartest

O =

42.4536

>

»» specialchartest

o=

44.0356

e

>» specialchartest

o=

45.5427

b g

»» specialchartest

o=

48.0084

e

>»> specialchartest

o=

4% ,59886

e
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>» specialchartest

O =

51.4385

P

Fig. 5.11: Testing Output of >, $, ~ Symbols

>>» specialchartest

O =

53.8825

>

>» specialchartest

O =

25.8876

b

>» specialchartest

0 =

28.0009

oo

Fig. 5.12: Testing Output of , &, ? Symbols

The above given figures shows the output of theiahsymbols after testing
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5.6 Performance Parameters
The performance parameters show the accuracy alytem in terms of its parameters

like gradient, validation, learning rate and trami

Best Validation Performance is 0.53312 at epoch 7
5 e H Train -
Bl oo = Validation [~
Test
E" 10-5 | N Best
£ :
S 4oL
L
g5
g 1077
=
o
w
& 10
@
=
105}
1 1 1 1 1 1 | 1 1 I
0 1 2 3 4 5 6 7 g 9 10
10 Epochs
Fig. 5.13: Graph for Best Validation Performance af7 epochs
=1 Gradient = 1.5321e-13, at epoch 10
1[] T T T T T T T T T
S 10° .
10'20 1 1 1 1 1 1 1 1 1
n Mu = 1e-11, at epoch 10
10 T T T T T T T T T
2 1077 -
10_20 1 1 1 1 1 1 1 1 1
Validation Checks = 3, at epoch 10
4 T T T T T T T T T
= 2t . +
= &* &
U 1 1 1 1
E 1 2 3 :‘1 g g ? 3 9 10
10 Epochs

Fig. 5.14: Graphs Showing the Parameter Values
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Training: R=1

e 2 Data
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Target

Fig. 5.15: Graph Shows the Best Training Performane according to Target Value

Test: R=0.57788

o) 2 Data
M~ 35l
+ -------
el
[T]
>
[
L— 30r
[
r~
o
_,Il:. 25+
=3
=5
= -
=
D -~
20 e . . ,
20 25 30 35
Target

Fig. 5.16: Graph Shows the Best Testing Performanaecording to Target Value
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5.7 TestingResults for Data by 100 Users

After training,the performance of whole database vemted with the help of data collected

from 100 users. The results obtained after testregoresented in Table 5.4.

Table 5.4:Recognition Accuracy for Testing Data of Special Céracters

S. No. | Size of Size of No. of Neurons in Recognition Accuracy
Training Testing Data | Hidden Layer (%)
Data
1. 50 100 10 90.0
2. 50 100 20 92.0
3. 100 100 10 81.3
4. 100 100 20 89.5
5. 150 100 10 87.4
6. 150 100 20 89.6
7. 200 100 10 81.6
8. 200 100 20 91.3

The recognition of handwritten special characters lbeen made by using gradient descent
based back propagation training algorithm. The nam of using this algorithm is to
reduce the error which is the difference betweempded value of neural network and

desired value. The system developed in this work &ehieved 92.0% accuracy in the

recognition of special characters.
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Chapter — 6
Conclusion and Scope for Further Research

6.1 Conclusion

No doubt, a lot of research work has been carrigba the subject under study, but most
of it is available in the languages such as Englipanese, Chinese, Arabic, Urdu,
Devnagari and Tamil. However, similar work avaibih Punjabi language is not
sufficient, and it requires further investigatiorhe present work is a modest attempt to
develop a computerized system for the recognitibhamdwritten special characters and
Gurmukhi numerals by using artificial neural netlwin MATLAB. Neural networks are
used to solve the tasks which are difficult for wemtional computers or human beings to
solve. The gradient descent based back propagatiming algorithm has been used in the
present system to recognize the handwritten Gurimuildimerals.. The main aim of using
this algorithm is to reduce the error which is th#erence between computed value of
neural network and desired value. By the use dical neural network methodology for
the recognition of Gurumukhi numerals, 96.4% accyteas been achieved; and it is 97.1%
in the case of special characters’ recognition. & used for the databases of Gurmukhi
numerals’ recognition has been collected from 3fedint people. Each writer contributed
10 samples of each numeral from zero to nine. Batbr contributed to write 20 samples
of each special character. Each of these numenalspecial characters has been given a
unique ID. These samples have been transformedcbordinate ang-coordinate values.
Among these samples, some distortions and irragjekare also incorporated. Then it is
trained by neural network by using MATLAB. The whalata so obtained is divided into
training and test data sets. The training data wsasl for making the network learn from
the data statics, and hence, setting the netwoilghtgee and biases by using a training
algorithm. The classification of testing data gias indication of how well the network
generalizes the classification for new data. Thele/data was divided into 3-ratios as 90%
data for training, 5% data each for validation &esting. Out of the three folds, two were
used as training data sets and the rest as thed&st The training performance as
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calculated from the performance command is compated).0573 which is the best

performance for Gurumukhi numerals, while it is326 for special characters’ recognition.

6.2Scope for Further Research

» Every research work has its own limitations; and gtudy is also no exception in this

regard. Limited scope, and time are some of thef @anstraints of this study.

» In order to achieve a higher recognition rate, $ime of user database should be
increased. This can help in achieving better acyurate. Also, Gurmukhi alphabets
can be included in the database for their recagmitihus, a Gurumukhi alphanumeric

character recognizer can be developed.

» The work from stroke level recognition can be egeghto character and word level
recognition.

» The stroke database can be increased and examingeltfing better recognition
results.

» Some more features and pre-processing techniquesecatroduced to further

improve the recognition results.
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