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Abstract

In today’s era, everyone is busy to the fullest and with increasing digitization everyone wants
one’s work to be completed easily and as fast as possible. If it was possible to give input to a
digital machine in our own handwriting and in our own native language, it would have been
easier and probably less time consuming. Researchers are continuously working on handwriting
recognizers. One of the basic steps in building a handwriting recognizer is recognition of
handwritten characters. Handwritten Character Recognition can be done in two ways, namely,
Offline and Online. This dissertation deals with the recognition of Online Handwritten Punjabi

Characters.

The steps involved in this process are capturing the inputs, preprocessing the data, extracting the
features and finally the classification or recognition of the character captured. Feature extraction
IS a very important step in this process. A number of extraction methods have been proposed in
literature for this process.

This dissertation targets this field of research in the Punjabi language. Inputs were collected from
various users in their handwritings using digital input. The Punjabi Character or Numeral taken
as input was then converted to an image. This image was preprocessed to bring it to a standard
size. Three different sizes have been tested in this work. The features have been extracted
through wavelet decomposition of the preprocessed images. The features thus obtained are the
wavelet coefficients. These coefficients have been used to train the SVM classifier to get the
accuracy of the overall recognition system, i.e., percentage of correct classification or
recognition of the character or numeral given as input. Complete methodology of the system and
its overall performance and effectiveness has been demonstrated with the help of suitable

examples.
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Chapter 1

Introduction

Online Handwritten Character Recognition, as the name suggests, refers to recognizing the input
characters that are written by the user instead of typing it in. It is similar to the Optical Character
Recognition where instead of recognizing the printed characters, the handwritten characters are

recognized.
1.1 Use of online handwritten character recognition

With advancements in digital technology field so far technologists have continuously been
making efforts to help the world go digital by digitizing each and every possible thing around us
from voice to image. As handwriting is the widely used way to communicate digitization could
not stay far from handwritten characters too. For years researchers have been trying to build an
efficient machine that can recognize the handwritten characters written by human beings by
using the information contained in those characters by converting them into digital form to as
much extent as possible. They have been trying to build devices that can take handwritten
characters as input from users as it is the easiest way of communication for the users especially if

they can write in their native language.

In today’s era one tries to capture his work as easily as possible. Therefore, the research in this
field can be very fruitful. If people can use their native language digitally like in their mobile
phones, internet, personal computers their task will be easy and will involve less time as
whatever task they do in their native language will be easier for them to execute. Many of the
researchers have worked in this field and have tried to build the concept of recognizing
handwritten character or numerals that gives a good amount of accuracy, i.e., a machine that can
recognize handwritten characters almost every time correctly. Researches are being carried out to
improve this accuracy upto 100% to get perfect recognition of the character or numerals that are
given as input by users in the handwritten form. Various researchers have contributed to this by
building the whole new concepts giving a huge number of techniques to recognize the
character/numeral that builds a huge spectrum of recognition methods.



1.2 Steps to recognize a handwritten character or numeral

Figure 1.1 represents the steps involved in recognition of a character entered by a user by hands,

i.e., handwritten characters [18].

Representation

v

Pre-processing

v

Extracting the
features

Y

Classification/
Recognition

Figure 1.1: Steps to recognize a handwritten character
1.2.1 Representation of the character

The handwritten character that is taken as an input from a user is to be represented in digital
format so that the machine or the software can recognize it, i.e., to start the recognition process

the character or numeral has to be represented digitally.

There are many ways of representing a character digitally like representing it in the form of
strokes where stroke is nothing but the part of the character or numeral written without lifting the
pen. The other ways include capturing it as an image, etc.

1.2.2 Preprocessing

Pre-processing, as the name expresses, involves the processing that is done before the
character/numeral is recognized, i.e., preparing the character in the form suitable for recognition
process [28]. It includes techniques like smoothening, normalization, binarization, controlling the

skewness and removal of the slant.



These techniques are discussed below, in brief.

1.2.3

1.231

Normalization is one of the widely used technique for pre-processing. It involves resizing
the image to a particular size. As the character written by the user can vary in size, it can
be very difficult to recognize the character/numeral if it is to be recognized as it is.
Therefore, a standardization is done, i.e., a standard size is decided and all the characters
that are taken as input from users are normalized or resized to that size before recognition

process is carried out.

Smoothening involves removing the noise or extra information that may arise along with

the input to make the input better.

Removing the slant involves changing the slanting level of the handwritten character to a
particular pre-decided level to ease the recognition as the user can write at any slant

angle.

Binarization involves developing the binary images from the gray-scale images as binary

data is easy for the machine to understand.

Controlling the skewness involves aligning the direction of the character/numeral written

according to the co-ordinate system of the digital pad used for input.
Extracting the features

What is a feature ?

Feature also known as attribute is nothing but anything that can describe an object (character in

our case) perfectly [7]. It can be a temporal property, physical property, geometrical property,

spectral property, spatial property, etc. For example, size of characters, shape of character, width

of character, pixels of character, loops in the character, etc.

1.2.3.2

Analysis of the features

As discussed above, there is a large variety of the features available that can represent the

character uniquely.



Deciding what feature will be included in the feature vector for a character is a major step in the
whole recognition process. The process of deciding on the property to be chosen to describe the

object is called feature selection process [7].

For this purpose, an analysis of features is done according to the application domain in order to
find the best suited features for that particular application.

1233 Feature Vector

Once the feature is decided, it’s corresponding values that represent the character efficiently are

kept in a vector known as feature vector [11].
It may contain n number of values corresponding to the feature.
1.2.3.4  Extraction of the features

Every information collected in the representation step to represent the character is not necessary,
i.e., there is redundant information to a large extent in that representation. The information that is

not required or that is duplicate/redundant has to be cleaned up.

Extracting the feature majorly involves building a vector that can represent the character
properly with minimal information in it. Thus, reducing any redundant information included at

first, i.e., building a minimal feature vector [28].
Therefore, the major goal of this step is to

— compress data for the vector.

— ensuring that data describes the character properly [11].
1.2.35 Feature Space

A two dimensional or three dimensional space diagram of the values in the feature vector that
helps in building an approximate view of the character and comparing it with its neighbor classes

(feature vectors for other characters) [7].



1.2.3.6  Types of features

Features can be divided into the categories namely, high-level features and low-level features;

global and local features; statistical and structural features.
e High-level features and Low-level features
High-level features:

High-level feature set includes only the significant features. High-level features are the
features that are extracted in a particular order. Thus high-level feature extraction involves
reduction in the redundancy but in a way that the important information required to
differentiate the character from other characters is retained [17]. For example, global

features, transition histograms, segmentation features, etc.
Low-level features:

Low-level features are the features that we can directly extract from the character’s or
numeral’s image. These are the features that are basic in sense they do not require any
information regarding the shape or space of the character [17]. For example, features through
edge detection, curvature detection, profile and projection histograms, corner detection,

image motion, etc.
e Global features and Local features
Global features:

Global features are the features that describe anything on general terms. It does not describe
the minute details, instead it gives the overall description of the character in general [17]. For

example, features represented by transition histograms, segmentation features, etc.
Local features:

Local features are the features that are extracted with minute details in a way that the
character or numeral represented by a particular feature set can easily be differentiated from
their neighbor feature sets representing different characters efficiently [41]. For example,

points, intensity, regions, edges, textures, corners, color features etc.
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e Structural and Statistical features
Structural features:

Structural features that are based on the structure of the character represented in the image,
i.e., geometry of the character or its topology. That is why they are also called topological
features [1]. These kinds of features are based on finding what kind of structure the character

is forming like information about loops, edges, corners, etc.

These kinds of features can work well even with high amount of distortions and vast

differences in writing style [11].
Statistical features:

Structural features are the features that involve statistics and numbers, i.e., using quantitative
properties stored in the character image. It involves analyzing the distribution formed by the
image of the character/numeral [7]. For example, area, aspect ratio, center of mass, etc.

1.2.3.7 Feature filter metrics

Feature filter metrics describe the feature that is filtered among vast variety of metrics available
to describe the character [7]. Some of them are discussed below.

e Horizontal, vertical and diagonal lines

Number of vertical lines, diagonal lines and horizontal lines and their placement in the image

representing the character from the feature vector [39].
e Aspect ratio

Aspect ratio is defined the ratio of the broadness to the length/height of the image

representing the character or numeral. It is also known as elongation [36].

broadness of image _ Xmax—Xmin+1

Elongation =

(LD

height of image " Ymax-Ymin+1

It tells about the extent of stretch of the character in both the directions. Low aspect ratio

indicates more stretch of the character towards the vertical direction.



e Open and closed curves

Finding whether the curves in the image representing the character are open or are closed
[48]. Figure 1.2 illustrates this in detail.

i
o

':\I._.l
=l

Figure 1.2: [a] closed curve, [b] open curve

e Area of the character

Area of the character in the image that represents the character can also describe its shape
and size [18].

e Concavities and convexities in characters
Concavity is the property of being inward and convexity being outward [43].

As shown in Figure 1.3, the characters have their own concavities and convexities and these

can be utilized as a metric.

Concavity

Convexity
Figure 1.3: Example of convexity and concavity in a character
e Center of the character

The center (X, y) of the character relative to the image representing it can also be considered

as a filter metric [18].



e Ascenders/descenders

Ascender is the portion of the character that moves above the peak line of the zone whereas
the descender moves beneath the baseline of the zone [17]. Figure 1.4 shows the illustration.

@ e peak line

base line

descende

Figure 1.4: An illustration of ascenders and descenders

e Cross points and end points

Cross point is a point where two segments of a character cross each other [39] and end points

are the ending points of the character [43] as shown in Figure 1.5.

e Holes in the character

The number of holes in the character can also be one of the metrics. This measure is known

as Euler number.

Holes are the blocked curves within the character [43]. Figure 1.6 illustrates this concept in
detail.

end points
Cross points
Hole 1
Hole 2
Number of holes = 2 = Euler Number
Figure 1.5: cross and end points Figure 1.6: Number of holes



e Perimeter of the character

The perimeter of a character is the sum of number of pixels in the every segment of the
character [18].

It can help in finding the character’s location in the image that is representing the character.
e Loops

Loop is anything that has its end point same as its starting point. For example, if A, B, C and
D represents 4 different points, then the path ABCDA will be a loop as starting and end point
are same, i.e., A. Figure 1.7 illustrates a loop.

start point
)~ end point

Figure 1.7: An illustration of a loop in the character
e Thinness ratio

It combines two features, first the area of the character and second the perimeter of the

character.
It is the ratio of the area to the perimeter square [18].
e Distribution of pixels or dots

It uses the pixels of the character to define the distribution they are following [36], e.g.,

normal distribution, uniform distribution, etc.
e Irregularity ratio

Irregularity ratio also known as compactness ratio is the reciprocal of the thinness ratio [18].



It helps in finding out how regular the character is.

e Radial profiles

Radial means along the radius. Thus, a radial profile is the profile of the character taken
along the radius if the character image is considered to be circular rather than being

rectangular [28].
e Strokes and their directions: vertical, horizontal and diagonal

Strokes as discussed before are the portion of the character that is written without lifting the

writing instrument, i.e., pen, pencil, digital pen, etc. above the writing surface [36].

The strokes and their directions can also be one of the metrics. Figure 1.8 illustrates the

strokes.

JT —
Stroke 1 Stroke 2 Full character
(diagonal) (vertical)
Figure 1.8: Strokes example
o Discrete Wavelet Transform measures
DTW is a new method that measures the distance between two strokes [12].

This distance tells us how apart the different strokes are from each other and for this

every feasible positioning between them is considered.

e Inflection points

These are points where the character changes its concavity to convexity or vice versa [28].

Figure 1.9 illustrates this in detail.

10



Concavity

Inflection
point

Convexity
Figure 1.9: Inflection point illustration

e Location of maximum and minimum

The location where the character reaches maximum and where it reaches the minimum in

both the directions, i.e., horizontal and vertical is also a metric [33].
e Junctions
As shown in Figure 1.10, junctions are the points where two strokes join each other [12].

e Corners

Corner is any point where two segments of the character meet each other [11]. Figure 1.11

shows an example.
e Edges

Edges are the segments forming the character as shown in Figure 1.11 [18].

junctions
Corners
Edge 1 =——/—
. Edge 2 —/———
stroke 1 i
stroke 2 Edge 3 ——
Figure 1.10: An illustration of junctions Figure 1.11: Corners and edges example

11



e North, east, west and south curves

Finding the angles from north, east, west and south directions of the curves forming the
character gives one of the metric [36]. This is found by drawing tangent on every edge and

finding the angles formed between two tangents from all the four directions.

e Center of mass

Center of mass as we know is the portion where the whole mass of the object resides. In
terms of a character, the center of mass is the location where maximum pixels of the

character are present [42].
e Regular and irregular regions inside the character

Regular regions are the regions that have a particular pattern in their formation that is

repeating itself periodically [39].

Contrary to these are the regions that does not form any such pattern in their formation. They
are known as irregular regions. Figure 1.12 represents the regular and irregular regions of the

characters in details along with the pattern that repeats periodically.
e Segment information

Segment information includes
— co-ordinates of every segment
— length of the segments
— direction of connectivity between segments
— slope of the segments
— shape of the segments
— their alignment, i.e., angles formed by the tangents from the different adjacent

segments [41].

All this information helps in knowing the character formation and ultimately helps in

recognizing the character [9].

12



(no pattern)

o

Regular regions Irregular regions
Figure 1.12: Regular and irregular regions

e Crossings and distances

Crossing is the number of times the image representing the character changes its pixels to
foreground from background pixels along both the directions, i.e., horizontal and vertical [1].

Distances are the measures of the character’s first pixel inside the image from the left, right,
top and bottom [16].

e Character width and height

Width of the character is how broad the character is, i.e., to which extent it extends in

horizontal direction and height of the character is the extent to which it extends in the vertical

@

(height)

direction [3]. Figure 1.13 represents this metric.

= =
(width)

Figure 1.13: Character height and width

e Weight of the character below and above the baseline

This is the measure of the extent to which the character is extended above the baseline or
below the baseline [18].

13



1.2.3.8  Feature Extraction methods
Major feature extraction techniques are discussed below:
e Zoning

Zoning is a global feature extraction technique and it is performed by dividing the image
representing the character into PxQ zones [30]. Every zone gives a feature vector. Figure
1.14 shows an example of zoning.

N

[

Character Zoned character in 7x7

Figure 1.14: Zoning example
o Density features:

Pixels with higher density forms the feature vector and pixels with higher density are
the ones that are darker than their neighbour pixels [39]. Figure 1.15 illustrates the
concept.

o Directional features:

Feature sets are constructed using the directional information of the characters’ image

[32]. Figure 1.16 shows the directions of a pixel.
Directional information includes

— vertical and horizontal lines
— right and left diagonal lines

— length and number of various segments

number of pixels in the segment

length of a segment =
8 g 2 X (image height or width)

.. (1.2)

14



— angles between various segments

— each segment’s and each pixel’s direction slope [32].

North North North
Wes East
West & >East
W represents the higher density
: South
South

O represents the lower density ouh Fast
Figure 1.15: Density features Figure 1.16: A pixel’s directions

e Profiles and projection analysis

Profiles:

Profiles are the outlines of the characters from various possible directions [8].

o Distance profile:

Distance profile represents the distance in the form of pixels of the boundary box of the
image representing the character from any edge of the character [32]. It is measured in

number of term of pixels. These distances measured from different edges form different

profiles as shown in Figure 1.17.

These profiles are analysed for every character and they form the feature set.

It (top)

(left)
[

(right)
=

(bottom) 1}
Figure 1.17: Distance profile
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o n-tuples:

This is a profile in which we consider the dark or light pixels in every tuple of the

character image from front and they are considered as a feature [43].
Projections:

Projection is a representation of the character. Projection of the image representing the

character helps us understand the character’s geometry, i.e., its shape and size [12].
o Horizontal projection

It is the representation of the rows of the character’s image. It is found by the

summation of all the pixels along all the rows [11].
o Vertical projection

It is the representation of the columns of character’s image. It is found by the

summation of all the pixels along all the columns [11].
Projection is the summation of the horizontal and vertical projections [28].

An illustration is shown in Figure 1.18.

(pixels along rows)
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gfljajajajojofljojo|djajajofdafLj0 |0 3
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( pixels along columns)

Figure 1.18: Projection example

The process shown above for finding the projections is called celled projections [16].
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e Texture analysis

Texture analysis involves comparing the natural surfaces or texture of the images. Using this

we can compare the homogeneity amongst the various feature sets [18].
Texture analysis involves comparing

— pixels with higher density

— how coarse the two objects are

— contrast of the two images

— entropy

— direction information of the images

— how homogeneous the image is

— comparing the lines-horizontal and vertical
— the regularity among the images

— how rough the two images are [6].

There are two types of texture analysis:
o Spatial texture analysis

In spatial texture analysis, a function is used to remove irregularities in the image
representing the character or numeral by replacing every pixel with a new value for

the pixel using any mathematical function [38].
o Spectral texture analysis

In this type of texture analysis power is analyzed at different portions of the image

representing the character [18].

— Low power in a portion of the character with small radius represents coarse
textures.
— Low power in a portion of the character with large radius represents smooth

textures.

17



There are various feature extraction methods based on texture analysis like SIFT (Scale
Invariant Feature Transform), F-SIFT (Feast-SIFT), PCA-SIFT (Principal Component
Analysis-SIFT), SURF (Speed-Up Robust Feature detector), etc.

e Histograms

It is a plot of the values of the pixels of the image representing the character in the gray-

scale format on one-axis and amount of dots at that value [18].

This plot’s shape tells about the character’s formation and thus helps in knowing about the
character’s shape that helps in recognizing the character well. The shape of the plot widely

depends upon the image’s contrast and brightness.
The probability for histogram is defined as:

Number of pixels at a particular gray level
P(h) — fo 14 gray

.. (13)

Overall amount of pixels in character image
The probability is for gray-scale image in first-order [18].

Features based on this probability are:

— Mean

Mean is nothing but the average of the pixels. It helps us in knowing how bright the

image is.

= Image that is dark has a lesser value of mean.
= Image that is bright has a greater value of mean.

— Standard deviation

It is a value for divergence of the pixel values from the mean value calculated in the

above step. It helps in knowing the contrast of the image.

= Image with low contrast has lower value for it.
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— Skew
It helps in knowing how symmetrical the pixels are around their mean.
— Energy

It helps in knowing the distribution of the pixels. It also tells about the gray-levels in the
image.

= An image with a consistent pixel value has 1 as its value.

= With increase in gray-scale stages its value decreases.

— Entropy

It tells us about the number of bits required to accommodate the overall pixel value for

the image.
Types of histograms:
o Intensity histogram

It visualizes the contrast and tells us how bright the image is using the above

mentioned measures [26].
o Projection histograms

It helps in projecting two dimensional images in one dimensional vector. Different
projections can be formed by rotating the image with different angles [40]. Figure

1.19 shows an example.

Histograms find the overall amount of pixels horizontally and vertically and in each
tuple and each column [32]. There are four types of projection histograms with four
different directions for projections as mentioned below.

= Horizontal

= Vertical

= Left diagonal

= Right diagonal
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Figure 1.19: An example of projection
o Profile histograms

They tell us the amount of dots (in terms of number) between the first segment of the
character and the boundary of the image representing the character [39].

Various profiles exist like

= horizontal

= vertical

= left diagonal
= right diagonal

based on the direction from which the number of pixels are calculated.
o Radial histograms

If the plot is taken from the radial profile, radial histograms are obtained. They give
us the information about the distribution along the radius. Thus, helps in visualizing
the radial profile [28].

o Chain code histograms

They are built for the character’s snakes. Snakes will be discussed in detail later [4].

For now to build these histograms all the character’s snakes must first be known.

According to the snakes the chain codes are built depending on the directions of

connectivity of the character’s snakes.
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These histogram provide us with smooth character’s image. Thus, recognition of the

character becomes easier.

o Color histograms

They give the information about the distribution of various colored pixels in the
character’s image [6]. It tells about their color, their location in the image, etc.

They are of two types.
= Global
It gives the information about colored pixels in general.
= Local

It gives a more detailed information with every minute details that can help in

knowing about every pixel’s color information.
o Horizontal and vertical histograms

It tells about the distribution of pixels around horizontal and vertical direction [11]. It

helps in knowing the extent of spread of the character in both the directions.

e Searching for junctions

To find junctions, the image is divided into n equal sub-portions. Open points and

intersection points are found in every sub-portions [4]. Figure 1.20 shows an example.

junction points
Lo\ r_ffj,',/%
<£ 4
open
points \‘-u___,-*
e
11

(image divided into 5x5 = 25 subportions)

Figure 1.20: Searching for junctions
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e Using the shadow features

Features computed from the shadows of the character in various directions are known as
shading features [4]. For computing these features, the image representing the character is
divided into eight regions by cutting it from middle in horizontal, vertical, left and right

diagonal directions. Figure 1.21 illustrates shadow features.

All the perpendicular sides are considered as the base for the shadow of the edges of the

character or numeral.

Figure 1.21: Shadow features

e Using mathematical operators

Using mathematical operators, certain mathematical functions and calculations are applied on

the image’s pixels and a new image is obtained with different pixel values.
They can be divided into two categories.
o Point operators

These are the ones that apply on every pixel one by one [26]. Few of them are

discussed below.
= Multiplication operator

To increase the contrast, every pixel is multiplied by some value according to

the magnitude of increase required.
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= Division operator

To decrease the contrast, every pixel is divided by some value according to

the magnitude of reduction required.
= Saw-tooth operator

It changes the pixel values using the operators mentioned above continuously.

The domain of values is pre-decided.
= Log operator

It changes back the image to original image. Thus, removing the effect of any

changes made by applying any operators.
= Histogram normalization

It is used to increase the range of values used for changing the brightness of

the image.

= Histogram equalization

It converts the histogram according to the intensity level of human viewing it.
= Thresholding

It is used to select specific pixels out of the whole image based on the

particular domain of values specified.
o Group operators

These operators work by using the nearby pixels to calculate new values [26]. Few of

them are discussed below.
= Template convolution operator

A template is developed that contains different factors needed for the

calculations to be done on the neighboring pixels.

23



* Average operator

It averages the entire nearby pixels to get new value for the pixel. Thus, for
this operator the template developed in the above procedure has values as

‘one’ for multiplicative or division factor.
= (Gaussian average operator

In this kind of averaging, the template contain the values for averaging using

Gaussian mathematical function.
= Median operator

This takes the middle value of the template in order to perform calculations
required. The process of building the template and choosing the median is
described in Figure 1.22.

L3 |8 | =|1|3|8|2|7|4|lo|o]s
2|7 |4 Unsorted array @
0 9 6

— 011 2] 3 6 | 7 8|9
Original .

template Sorted array

Figure 1.22: Median operator

Using mathematical morphology

It uses morphological operators instead of normal mathematical operators to change values

for the pixels of character’s image [17]. These are the operators used for the set theory like

union, difference, intersection, etc.

In this process a set P contains various pixels and set Q contains the measures required for

operations. The set P undergoes operations and is divided into P1 and P2.

In the basic form either of the two sets P1 or P2 will be empty.

empty P1 represents decrease and is called erosion.
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— empty P2 represents increase and is called dilation.

e Edge detection

As the name suggests, it involves detecting the edges in the image of the character [26]. The

image is divided into sub-images in order to detect the edges.

These are of two types.
o First-order detection
It uses first-order differentiation of the images to detect the edges in it [18].
Types of first-order edge detection techniques are:

= Prewitt edge detection operator
= Sobel edge detection operator
= Canny edge detection operator

o Second order edge detection operators
It involves using the second order differentiation techniques in the process of

detection of edges [26].
The operators used are:

= Mexican hat operator
= Laplace operator
= Marr—Hildreth operator

They help in building the template for the process of differentiation.
e Phase congruency
It is a special kind of feature extractor with following features.

— It can extract a vast variety of features.

— It can overcome or work efficiently with small changes.

Frequency distribution is used to collect features from the image [40].
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e Curvatures (corner) detection

Curvatures are the transformations in the path of the segments forming the character. The

point where these transformations occur is known as a corner.

There are following types of curvature detection techniques.
o Difference in the direction of segment
This is computed by calculating the change in the angle or slope of the segment [41].
o Intensity changes

It represents a curvature as brightness function. It measures changes in the brightness
or the intensity of the character’s image to recognize the corners or curvatures [31].

There are various types of detectors available for corner detections like FAST (Features from
Accelerated Segment Test), Harris affine, Harris laplace, SUSAN (Smallest Univalue

Segment Assimilating Nucleus), Harris detector, etc.
e Blob detection

It involves detecting the dense regions in the image of the character [18]. The character can
be recognized by knowing where the pixels are present in vast amount, i.e., the regions that

are dense.
e Region analysis

Region is a particular portion of the image to be analyzed [41]. This can help to know the
formation of the character. The image is analysed for various regions by partitioning it into
sub images. To describe the shape and formation of a particular region, region descriptors are
available [25].

There are various techniques available for this purpose like SIFT (Scale Invariant Feature

Transform), Saliency, etc.

The various types of regions that can be detected are:
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- Intensity based

- Maximally stable extremal regions [39]

e Image motion analysis

In order to define motion in images, a number of similar images with slightly changed

segments are considered [26].

This concept can be used to recognize a character by considering the same character’s
various images as series of images for a motion. All the same character’s images will also

have a slight difference in their formation.
There are two approaches for this that are shown below:

o Area-based approach
o Differential approach

e Binarization based feature extraction

Binarization involves replacing all the colors in the image with two basic colors [8,] i.e.,
black and white. Gray-scale image is the one that take gray and black as its basic colors.

Figure 1.23 illustrates an example.

Input image Gray-scale Binarized image
1mage

Figure 1.23: An example of binarization and gray-scale conversion
There are a variety of techniques available that can extract features from the binary images.
o Convolutional feature extraction

It extracts features from the characters with pixels having nearby pixels correlated to

a great extent [13].
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Its motive is to get a minimal pattern that can recognize the character in an efficient
way [48].

e Feature extraction by shape analysis

This involves analyzing the shape of the character and comparing it with the database of

character’s shapes [38].

Comparing two character’s shapes involves,
— converting image into binary form
It involves changing the image into two basic colors, i.e., black and white.
— shape skeletonization of the image

Shape skeletonization involves removing the filled portion in the character’s image in
order to generate the skeleton of the character [13]. This eases the comparison of the two

characters, i.e., two shapes. Figure 1.24 illustrates an example.

(U

Figure 1.24: Shape skeletonization example
Shape features that can be extracted are:

o Shape transform domain

o Shape-index

o Polygonal features

o Scalable vector templates

o Spatial interrelation features

o Scale-space
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Methods for shape analysis include following:

o Thresholding and subtraction

Subtraction operator is used in order to change the intensity of the character’s image

to the level of human’s vision [26].

o Template matching

It matches the image representing the character with a template having information
about the formation of the character. It represents the shape of the character in a

smaller sized template [40].

— Deformable templates
These templates cannot be changed. Thus, removing the chances of templates getting

modified accidently.

e Using mathematical transformations

These are applied on images to obtain information from it that will not be available from the
image itself [20]. The image that has to be transformed is considered to be in time domain.
For understanding the character’s formation, the image representing it has to be converted
into frequency-domain. This helps us knowing the frequency spectrum of the image. This is

equivalent to finding the frequencies available in the character’s image.
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Figure 1.25: An illustration of low, high and zero frequency
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Finding the frequency components contained in the image is equivalent to finding the amount
of variations in it and the locations where these variations occur. No variation represents zero
frequency. Similarly less variations correspond to less frequency and more variations

compared to high frequency as shown in Figure 1.25.
There are vast variety of transformations available. Some of them are discussed below.
o Fourier transform

This transformation finds the frequencies contained in the character’s image. It
converts the time domain representation of the character to a amplitude versus

frequency graph like shown in Figure 1.26 [18].
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Figure 1.26: Amplitude versus frequency plot

It expresses that the frequencies contained in the image are 100 and 900 with

amplitudes 400 and 200 respectively.

o Wavelet transform

With fourier transformations only frequency components available can be viewed

along with their amplitude [27]. There can be two cases.

— either all the frequencies are available at every time
— or different frequencies are available at different times

Thus, that transform does not give any information about the time.

Fourier transform give us the information about frequencies present and the time at

which they are present. Thus, a frequency versus time graph is obtained.
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There is a vast variety of wavelets that can be applied on the image to decompose it

into frequency versus time plot [38].
o Discrete cosine transform [20]

It also gives the frequency information contained in the image representing the

character [20].
o Discrete Hartley transform

This transformation is similar to the fourier transform. But it involves easier

calculations [26].
o Unitary image transforms

This transformation tells about the shape information of the character represented by

the image [40].

The main purpose is to lessen the feature set but not losing any information contained

in the image about the character’s shape.
o Hough transform

This transformation finds out the specific shapes in the image. The shape is the input

to the transformation [2]. The available transformations are:

= lines
= ellipses
= circles

o Distance transforms

This is used to recognize the formation of the character. They are used to find the
shape of the character by skeletonization [26]. Then, the distances of the skeleton of

the character are measured from every profile in order to recognize the character.
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e Flexible feature extraction

It involves detecting contours. It is the change in the pixels from being white to being black.
Thus, it only applies on the binary image.

Contour array:

All the pixels are analyzed one by one and if a transition in pixel color is encountered it is

stored in an array [11].
Contour profiles:

Instead of analyzing pixel by pixel, profiles of the characters are checked from different

angles to detect contours [40].
e Moments

Moments give the information that describe the formation of the character in a general way,
more like global feature extraction [16]. It gives the description about the shape of the
character. Based on the way they describe the shape they are divided into following types
[33].

o Geometric moments

o Invariant moments

o Zernike moments

o Pseudo Zenrike moments

o Global transformation moments
e Segmentation features

These are the features extracted by dividing the image into various sub images [17]. A
number of times till the sub image can be categorized in either of the following ways.

— dark

~ bright
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e Graph matching

The character’s image is considered as a graph and finding out the connected components in
it corresponds to graph matching [12].

Graph descriptors
The information obtained from the graph is called graph descriptor [1].
Connected components

These are the components, i.e., segments that are inter-related to each other. This involves
finding whether the segments have path to reach each other [9]. If the two segments can be

reached from one another they are connected else not.
e Content based feature extraction Oor color features

Color features give information about the colors in the image [41]. Every pixel is scanned to

know its color information.
Techniques to obtain color information are:
Average RGB

This involves averaging all the three components of the image, i.e., red, blue and green

components [6].
Color moments

These are used to find the distribution of the pixels of the character. Types of moments are

discussed below.

— Mean
— Variance

— Skewness

Color features are of following types:

o Primitive features like RGB, average color, etc.
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o Semantic features like texture, color outline, etc.
e Discriminant feature extraction

It involves building a matrix called discriminant matrix [21]. This is done using a
discriminant function that is defined initially.

e Other important statistical techniques

There are many other important statistical techniques like Isomap, Dimensionality reduction
techniques, SC (Sparse Coding), Linear Semantic Analysis (LSA), MDR (Multifactor
Dimensionality Reduction), Regression analysis, Partial least squares (PLS), Centroid based

distance metric feature extraction, methods using parameters of polynomials, etc.

All the approaches discussed above have been widely used by many scholars and researchers in

the recognition of the Punjabi Character Recognition.
1.2.4 Classifying the character into a specific class

The feature set or vector developed in the feature extraction step is used to classify the character
written by the user in a particular class, i.e., finding what can be the class of the character

written.

In order to classify the character properly into the right class, the recognizer is first trained with a
number of such feature vectors for every character so that the classifier is able to put the
character fed as input to it in the right class using the vectors by which the classifier is trained.

Every character represents a different class.

For this purpose there are a number of classifiers available like support vector classifiers, k-

nearest neighbors, k-means, c4.5, page rank, etc.
In the future implementation, SVM Classifier has been used.
1.241  SVM classifier

Support vector machine is widely used recognizer in this field.
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SVM classifies a feature vector into particular class by obtaining a hyper plane that can
differentiate between two feature vectors representing two different characters or numerals

properly by putting them into their classes respectively.
Similarly, a multi class classification is done to differentiate between more than two classes.

A good illustration on SVM is given by Thorsten [37].
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Chapter 2

Review of the Literature

Various scholars and researchers have proposed different works that use different feature

extraction techniques. Few of them are discussed below.

Aouadi et al. [3] proposed a system for Farsi characters based on segmentation methods.
It used matching the shape for recognition purposes. Template matching is done to get
the best matching template for the components that are connected. This system also
worked for the components that are connected at number of places. Segmentation
methods and shape matching was used to compare the character’s template with
templates stored by finding the similarity between the components and to get features.
Distances given by Manhattan and Euclidean formulae were used to compare. Manhattan
formula gave the maximum accuracy of 95.7% for touching measure of the segmentation
and for Euclidean formula also touching measure for segmentation gave a maximum

accuracy of 94.5%. It was shown that the proposed system was robust.

Arora et al. [4] combined various features capturing methods all together in order to
recognize Devnagari handwritten character. The experiment was performed on 4900
images. One of the feature extracted was junction points. For this the image representing
the character was segmented into 16 regions of size 25 x 25 and for all these regions end
points that were open and junctions were used. The next method used was chain code
histogram. For this the image was first converted into binary image. Contours were taken
in the feature set that were captured by taking every 3 x 3 pixels nearby every object
point. Shadow features were also captured. For that image was segmented into 8 portions
cutting the image from middle horizontally, vertically and diagonally from right and left
directions. Multi layered Perceptron was used as a recognizer. Majority voting was used
to combine the results obtained from every method. Overall accuracy achieved was
92.80%.
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Bouda et al. [5] gave a new approach for the implementation of detection of corners that
used electric field that was not real, i.e., that was virtual. Using this approach, images
were processed and it is even applicable in the vision functions for computers. An image
is considered to be a virtual lattice with electrical charges. The process contained two
steps. Firstly, gradients were calculated directionally that allowed detection of edges by
structuring an operator of 3 x 3 size (in form of pixels). Secondly, the obtained operator
was utilized to find the corners by finding the derivatives of the images. Gaussian
function was used to get images without any noise. After this, calculation of the output
function given by Harris and Stephens is done for every pixel. This was done using the
automatic correlation matrix. In the end local maximum is calculated. The performance
was good enough and proposed algorithm was very simple to implement. The

performance was satisfactorily better than the Harris detection method.

Chadha et al. [6] analysed and optimized the approaches to obtain the features for image
retrieval based on the content. The user types in or selects the descriptor that can describe
the type of image required. Various features are extracted from it like Co-occurrence,
Average RGB, Color Moments, Geometric Moment, Local and Global color histograms.
If taken alone none of these give good results. Therefore, all the above mentioned
approaches were together considered and were used as one approach. A new idea of

image cropping was used. It was found that the results became better by the use of

cropping.

Cheung et al. [44] gives a system that uses texture analysis to recognize the bark. Four
methods were analysed namely Histogram technique, Run Length approach, Auto
Correlation technique and Co occurrence technique to get the feature vectors from the
barks by analyzing their textures. Specifically three recognizers were used for the training
and prediction of the feature vectors obtained by above mentioned techniques. They were
Moving Median Centers, Nearest Neighbor and KNN. In order to improve the efficiency
the color related information was also collected and analysed and it actually gave better

results. After the whole analysis it was found that out of the four above mentioned
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methods used to obtain the feature vectors, COMM gave the best results, i.e., the

maximum accu racy.

Choudhary et al. [8] proposed an off line system for recognition of handwritten
characters. Features were obtained by binarization based techniques. This system was
proposed for the classification of English characters. The preprocessing involved
normalization, smoothening and thinning. Images were processed in two ways. They
were converted in gray-scale format and the binary format too. Every image representing
any of the 26 characters of English grammar were processed to give a feature vector of
sixe 180 x 1. Multi layered feed forward ANN was used for the classification purposes.
At the entry layer 180 neurons were used and at the exit layer 26. To get the best results
80 neurons were present in the hidden layer. For every character 50 vectors developed
from 50 images were used for training purposes. On average 85.62% of accuracy was
achieved.

Choudhary et al. [9] proposed a different approach for character extraction. Characters
were taken out from Images using the approach presented. The words contained in the
images were divided into portions using segmentation based approach. Features were
found from the various connected components that represent the segmented characters.
This method was applied to the variable sized text represented by images. The texts
collected were of different shape, size, height, width and fonts. It was seen that this
method gave quite a good accuracy and thus, this approach can be widely used but it has

an issue with disconnected components.

Dabbaghchian et al. [10] proposed a system to recognize faces using DCT to obtain the
features. Few statistical calculations were done to get the coefficients as feature vectors
by applying the Discrete Cosine Transform on the face image captured. It is a new
approach and differs from the zonal and zigzag masking. It considers the coefficients that
can have better recognition powers, i.e., that can easily differentiate between various
classes. For this purpose quite a few approaches were tested to find the best results.

Euclidian distance was used as the classifier. The experiments were done on the famous
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databases of face data. The data was randomly selected for training and prediction. The

proposed system gives the good performance in the field of recognition of faces.

Gatos et al. [13] gave a novel approach for extraction of features and recognition of the
characters. Convolutional approach was used for obtaining the features. Natural as well
as artificial sets were used for training and prediction. 1500 characters of Greek language
were used to collect the feature vectors of images for natural sets. Images that captured
10 different fonts of 32 characters were used to obtain the artificial sets. ANN was used
for classification purposes with 5 different variations and the best result obtained was the
accuracy of 99.87%.

Ghazali et al. [14] proposed a system that classified the image given to it as input into
one of the pre decided classes using the Discrete wavelet Transform. Classification of
images involved reducing the image to the lowest possible matrix or array size for its
representation. Low level features were obtained with no pre processing. To get the high
level features, Discrete Wavelet Transform was used in two dimensional. The size of the
image produced after decomposition using wavelets was same as the input image before
the decomposition process. Therefore, to get the coefficients as feature vectors further
processing was required. The extracted feature vector was utilized to classify the image
into broad and narrow weed. In the end it was concluded that the approach tested to
obtain features gave good performance accuracy and classified broad and narrow weed

easily and effectively.

Hao [15] proposed an approach to obtain feature vectors from the images based on their
color information, i.e., content based retrieval. He used a new approach namely MPEG-7
with its corresponding framework MPEG-21 to capture the color information contained
in the features in the feature vectors. After obtaining the features in the feature vector, it
was compared with the images present in the database. Principal Component Analysis,
Moment Invariant technique and Wavelet Decomposition were used to capture the
features as feature vectors from the image. Then the correlated images were found using

those feature vectors. Different accuracies were achieved on changing the weight for the
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extraction coefficients and changing the threshold level. The results obtained finally

proved that a good performance was achieved by the proposed system.

Hossain et al. [16] gave a rapid method for obtaining the features for OCR. The
technique is titled Celled Projections. It segmented the image capturing the character into
various regions and the projection of all the regions developed was taken. In this system
various methods for obtaining the features were tested and compared with the above
mentioned technique to find the best performance. Other techniques used were moments,
zoning, checking the crossings, fourier transform and the projection histograms. Methods
used for classification were k Nearest Neighbor, FBPN and Probabilistic Neural Network.
It was shown that the maximum accuracy achieved was for four horizontal and four
vertical celled projections using PNN classifier with spread factor between one and two.

The accuracy achieved was of 94.12%.

Koerich et al. [17] extracted low level and high level features and fused them to classify
the handwritten words. Word was captured and given as input in the form of an image.
To capture high level feature vector words having loosely segmented images were used.
For the recognition purposes HMM was used. The character hypotheses were used to
obtain the low level features. SNN was used to recognize the characters from these
vectors for features. 84,760 characters were used for training purposes and for prediction
around 36,170 words were used. The performance for the combination of both level

features was found to be around 71%.

Lahmiri et al. [19] proposed a new approach to capture features in the feature vectors
using Hybrid DWT. It automatically obtained the vectors from the mammograms. This
approach uses Gabor Filter along with DWT. It has a good scope in the screening system
of cancer. Two dimensional DWT was used to get coefficients as features in the feature
vector from the mammogram. After that Gabor was used to calculate the standard

deviation and average from the image obtained.

Lawgali et al. [20] proposed a recognition system for Arabic Handwritten Character. In it

Discrete Wavelet Transform was used to get the features for Arabic characters. These
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features were compared with the features extracted by Discrete Cosine Transform to find
out which of them gave the better results. For analysis, 5600 characters were checked in
three sizes namely 64 x 64, 128 x 128 and 256 x 256 that included almost all the ways to
write Arabic characters. Artificial Neural Networks were used for the recognition
purposes. It achieved maximum accuracy of 79.87% with Discrete Cosine Transform for

64 x 64 sized images.

Liu et al. [22] proposed a system to detect boundaries by using Scale Invariant Feature
Transform. SIFT finds out the break points in the videos or visuals. After that a new
proposed method namely LDT-SBD (Local Double Threshold-Shot Boundary
Detection). After that keyframes were obtained using two different methods. The
proposed approach gave the acceptable results for obtaining the keyframe and for the

detection of the bounadaries.

Liu et al. [23] proposed a system based on histograms to obtain the features. The
approach is novel and is used for recognition of faces. LBP histograms were utilized to
get the feature vectors. The image was segmented into rectangular portions that were non
overlapping. Histograms were developed for every portion. The differences were
computed between the histograms to recognize the facial features. The proposed system
was used to check the JAFFE database to get the effectiveness and performance of the

system proposed. The system gave the maximum accuracy of 90%.

Markov et al. [24] gave a method for high level extraction of features using a self taught
method for classification. The method gave overcomes the problem of taking labeled and
unlabeled samples with same distribution only. The data is represented by dividing it into
sub matrices, i.e., activation and bases matrices. For this purpose Principal Component
Analysis, Sparse Coding and Non negative Matrix Factorization were used and their
performances were compared. The vectors obtained from any of these methods were the
input to self-taught learning technique that was used for the recognition. The Sparse
Coding gave the best results as compared with other two approaches. It was concluded
that with self-taught technique, the best result was obtained when the data that is labeled
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is less in quantity. Consistent increase in accuracy was observed for different sizes of
data.

Melo et al. [25] proposed a system to guess the protein structure. For this purpose
Principal Component Analysis matrix calculation was used. PCA gave the feature vectors
to compare the structure with already stored structure using the training and prediction of
Neural Networks. Various components obtained from the protein taken as input were
considered as input for the three different Neural Networks (artificial). The three
networks had 30, 35 and 40 points in the hidden layer. The recognizers were trained
using RPROP approach. With this system even if the components are reduced to a vast
amount (from 260 to 80), performance was atleast 1% more than the best possible

structure prediction algorithm.

Ruohong et al. [29] discussed a system that obtained feature vectors using the Non
negative Matrix Factorization. SAR images were the input and they were processed and
using NMF, feature vectors were obtained out of them. For data MASTAR database was
used. SVM was used as the classifier. Using Bayesian fusion approach, the results
obtained were fused. The results concluded that if NMF was used, recognition was

significantly correct.

Saha et al. [30] gave a system to classify a handwritten character with a new approach
namely forty points to obtain the feature vector. The characters worked upon were the
English alphabets. This method was used to recognize the handwritten names. 1040
images were developed of different English alphabets of different font, shape and size.
The feature vectors obtained from these images using the above mentioned approach,
were used for training the Artificial Neural Network that was used for recognition

purposes.

Siddiqgi et al. [31] suggested a new approach to recognize the handwriting by using the
chain code based features that were obtained by developing chain code histograms from
the images that captured the character or words written by the writer. In this feature

vectors were obtained from the curvatures of the images containing the written
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characters. The contours or curvatures were checked from various profiles, directions and
angles to get different views of the character. Global features were obtained from the
chain code histograms. Local features were captured by segmentation of the image into
smaller regions. For every region the eight profiles were checked to get the different
views of the curvatures from eight different directions. To compare two handwritings the
distance measures are used between the images. The proposed method was tried on 650
and 225 writers’ handwriting respectively in two sets. The performance of the overall

system was satisfactory.

Singh et al. [33] compared various methods for obtaining the features. They tested
various scripts to check the performance of various approaches for the extraction of
features to recognize the digits and characters of those scripts. The results using zoning,
histograms, chessboard, gradient, chain codes, profiles, distances, chamfer and crossings
were compared. It was found the maximum accuracies were 84.45% for Chinese
characters using Statistical Discriminant Analysis, 94.3% for hand printed characters
using template matching, 98.37% using SVC and 84.37% using Ensemble system for
English characters, 87.32% using NLP for Thai characters, 92% using KNN and 91.3%
using SVC for Persian digits and 94.3% using NLP and SVC for Devanagari characters.

Sun et al. [35] proposed a system to obtain features in the form of shape characteristics
from the images of the fruits. This was done using the chain code algorithm. It extracted
or detected the contour or curvature of the fruits represented in the image. Area of the
fruit inside the image, its height, width, circumference, complexity in the graph, degree of
circular portion, parameters of the graph, rate of being concave and radius of the
inscribed circle were considered as the shape features in this technique. The results
obtained were enough to describe the effectiveness of the method. It was effectively
shown that the method was very simple to implement and gave almost accurate results.

The results were obtained fast by using this technique.

Supriana et al. [36] proposed a system for the recognition of Farsi characters. During pre-
processing, binarization was performed and skewness was processed by two approaches,

i.e., by moments and by triangle. Hilditch algorithm using templates was used for
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thinning. Features extracted were loops, distribution of points, perimeter, elongation,
energy and compactness ratio. C4.5 classifier was used for the recognition purposes. The
result concluded was that algorithm triangle resulted with better skewness. It gave
maximum accuracy of 99.9% for segmentation and 82% for classification. The overall

accuracy achieved was unfortunately 48.3%.

Vamvakas et al. [42] gave a novel approach for obtaining the features and for
classification of the historical papers. It is an offline approach for character recognition
that can handle the characters in any shape, font and size. To check the robustness of the
system a number of different historical papers were collected. To obtain the feature
vector the image was segmented into various regions recursively. The center of mass was
calculated for every region. Each region is divided recursively till it reaches at the pixel
level. Hierarchical recognition approach was used for classification. Granularity was used
to implement it. This system gave maximum accuracy of 80.19% that was higher than

other modern techniques like Yamada, Gader, etc.

Yang et al. [47] discussed an approach to detect contours and obtain feature vectors
based on them for surface or shape matching. Features were obtained from the point
clouds using this approach. They are nothing but the surfaces with high complexity. They
contained surfaces with branch points, blends and contours that are open. The features to
match the shapes were angle of rotation and the length of the arc. The analysis in the end
showed that the method proposed gave optimal results in segmentation of the surfaces

with huge complexity.

Zahedi et al. [48] proposed a recognition system for Farsi characters. It recognized the
Arabic characters in documents that were not in cursive format. Scale Invariant Feature
Transform (SIFT) was used to extract features for the characters. The features obtained
were neutral to variations in height and width of character, shape of character and
direction of writing. Pre-processing was not required for this system apart from

smoothening that was done only for the poor quality characters entered. In total 1400
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characters were captured as images. The recognition was almost correct every time

giving an accuracy of approximately 100%.

After having a review of all these methods for extraction of features, Discrete Wavelet
Transform was decided for extraction of features. The next Chapters discuss all the four steps for
recognition of character in detail using Discrete Wavelet Transform in the third step and using

SVM as the classifier for recognition of the Punjabi characters or numerals.
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Chapter 3

Pre-processing and Wavelet Based Feature Extraction

Punjabi characters and Punjabi numerals were taken as an input from various random users.
These inputs were captured using digital pen and pads. The strokes (the part of character written
without lifting the pen up) made by a user while writing were captured as series of x and y co-
ordinates. Those co-ordinates were used to draw an image of the character or numeral written by
the user on digital pad. All the co-ordinates of a character or numeral were stored together in a
text file along with its ID (used for recognition purposes discussed later in Chapter 4) and all the
characters and numerals written by a single user were kept in the same file. The example of
sample file is shown in Figure 3.1. Algorithm 3.1 uses Figure 3.1 to draw images of characters

an numerals.

jusrﬂl—Notepad =ARCN X
File Edit Format View Help

107 12170 2:85 3:170 4:85 5:177 6:86 7:180 8:86 9:182 10:86 11:185 12:86 13:187 14:86 15189 16:86 17:190 18:86 19:192 20:8€ =~
101 1:170 2:93 3:170 4:93 5:175 6:93 7:177 8:93 9:179 10:93 11:181 12:93 13:184 14:93 15:186 16:93 17:189 18:93 19:191 20:94
101 1:184 2:90 3:184 4:90 5:188 6:90 7:190 8:90 9:192 10:90 11:194 12:90 13:197 14:90 15:200 16:90 17:202 18:90 19:205 20:9C
107 1:186 2:101 3:186 4:101 5:189 6:101 7:191 8101 9:192 10:107 11:195 12:100 13:197 14:100 15:199 16:100 17:202 18:100 1!
101 1:189 2:89 3:189 4:89 5:193 6:89 7:197 8:89 9:201 10:89 11:203 12:88 13:206 14:88 15:208 16:88 17:211 18:88 19:212 20:88
107 1:205 2:85 3:205 4:85 5:210 6:83 7:213 8:83 9:214 10:83 11:216 12:83 13:218 14:83 15:219 16:83 17:220 18:83 19:221 20:82
101 1:205 2:92 3:205 4:92 5:210 6:91 7:211 8:91 9:212 10:91 11:214 12:91 13:216 14:91 15:217 16:91 17:219 18:91 19:221 20:91
101 1:206 2:90 3:206 4:90 5:212 6:90 7:215 8:90 9:217 10:90 11:219 12:90 13:221 14:90 15:225 16:90 17:227 18:90 19:228 20:9C
107 1:206 2:92 3:206 4:92 5:211 6:92 7:212 8:92 9:213 10:92 11:215 12:92 13:216 14:92 15:218 16:92 17:220 18:92 19:221 20:92
101 1:207 2:82 3:207 4:82 5:213 6:83 7:214 8:83 9:215 10:83 11:216 12:84 13:217 14:84 15:218 16:84 17:219 18:84 19:220 20:84
101 1:210 2:89 3:210 4:89 5:215 6:90 7:216 890 9:217 10:90 11:218 12:90 13:219 14:90 15:220 16:90 17:222 18:90 19:223 20:9C
107 1:210 2:91 3:210 4:971 5:215 6:90 7:217 8:90 9:218 10:90 11:220 12:90 13:223 14:90 15:225 16:90 17:226 18:90 19:227 20:91
101 1:212 2:90 3:212 4:90 5:217 6:90 7:219 8:90 9:220 10:90 11:221 12:90 13:224 14:90 15:225 16:90 17:226 18:90 19:228 20:9C
101 1:212 2:91 3:212 4:91 5:218 6:91 7:220 8:91 9:222 10:91 11:224 12:90 13:226 14:90 15:229 16:90 17:231 18:90 19:234 20:9C
101 1:213 2:85 3:213 4:85 5:217 6:84 7:218 8:84 9:219 10:84 11:220 12:84 13:221 14:84 15:222 16:84 17:223 18:84 19:224 20:84
101 1:213 2:89 3:213 4:89 5:217 6:89 7:219 8:89 9:221 10:89 11:223 12:89 13:225 14:89 15:226 16:89 17:228 18:89 19:230 20:8¢
107 1:213 2:90 3:213 4:90 5:219 £:91 7:221 8:971 9:222 10:91 11:225 12:91 13:227 14:90 15:229 16:90 17:231 18:90 19:233 20:9C
101 1:215 2:81 3:215 4:81 5:220 6:82 7:222 8:82 9:224 10:82 11:226 12:82 13:227 14:82 15:229 16:81 17:230 18:81 19:232 20:81
101 1:215 2:90 3:215 4:90 5:220 6:90 7:221 8:90 9:222 10:90 11:224 12:90 13:225 14:90 15:226 16:90 17:227 18:90 19:228 20:9C
107 1:215 2:91 3:215 4:91 5:221 6:91 7:225 8:91 9:227 10:91 11:229 12:91 13:232 14:91 15:233 16:91 17:237 18:90 19:238 20:9C
101 1:215 2:98 3:215 4:98 5:219 6:97 7:222 8:97 9:223 10:97 11:225 12:97 13:228 14:97 15:230 16:97 17:231 18:97 19:234 20:97
101 1:216 2:93 3:216 4:93 5:220 6:92 7:221 8:92 9:224 10:92 11:225 12:92 13:226 14:91 15:228 16:91 17:230 18:91 19:231 20:91
101 12217 2:79 3:217 4:79 5:221 680 7:222 8:80 9:223 10:80 11:224 12:80 13:225 14:80 15:226 16:80 17:227 18:80 19:228 20:8C
101 1:217 2:87 3:217 4:87 5:222 6:87 7:223 8:87 9:225 10:87 11:227 12:87 13:229 14:87 15:231 16:87 17:233 18:87 19:235 20:8€
1071 1:217 2:90 3:217 4:90 5:221 6:92 7:223 8:92 9:225 10:92 11:227 12:92 13:229 14:91 15:233 16:91 17:235 18:91 19:236 20:91
101 1:217 2:91 3:217 4:91 5:220 6:90 7:221 8:90 9:222 10:90 11:223 12:90 13:224 14:90 15:224 16:91 17:225 18:90 19:226 20:9C -~
4 T b

Figure 3.1: A sample file used to draw images of characters and numerals

Algorithm 3.1: Drawing images of characters and numerals from x and y co-ordinates

captured in text file

1. Save the ID encountered in a file.
2. Make a 1000 x 1000 blank white image.
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3. Save x and y co-ordinates in X and Y files.

4. Set (x,y) =1 of the blank image developed where x and y are the values stored in X and Y
files correspondingly and 1 represents black color.

5. Repeat 3 and 4 until a line feed is encountered.

6. Save the image using the name saved in step 1.

7. Repeat step 1 to 6 until EOF is encountered.

The images developed by the above procedure were all of 1000 x 1000 sizes and they all

represented a character or numeral in some portion of it.

Figure 3.2 represents sample of 1000 x 1000 images developed by the above algorithm.

i)

2__\;‘ i
D L

Ce

Figure 3.2 Sample of 1000 x 1000 images developed : [a] represents Urah (Punjabi Character),

[b] represents Aarah (Punjabi Character), [c] represents ikk (Punjabi Numeral)
3.1 Pre-processing

The images developed by the above procedure represented the character or numeral written by
the users. As everyone’s writing style, font and size is different, it would have been very difficult
to recognize the character or numeral if we were to extract features directly from these images.
Therefore, all the images were normalized to a specific size in order to ease the recognition

process.
3.1.1 Windowing

Before normalization images were windowed to the sizes they were originally written.

Windowing involved removing the extra white region from 1000 x 1000 image developed by
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Algorithm 3.1 as that extra information contained in those images was not required to recognize
the character or numeral captured in that image. After windowing, the images developed
contained only the character with its original shape and size without any extra information.
Algorithm 3.2 illustrates wndowing.

Algorithm 3.2: Windowing of characters and numerals captured as 1000 x 1000 images

1. Set xmin = 1000, xmax = 0, ymin = 1000 and ymax = 0.
2. Read image’s pixels one by one into a variable.
3. For every pixel (x, y) check if pixel value is <= 200

e |f xmin > x,

Set xmin = x
End if
e If xmax <x,
Set xmax = X
End if
e Ifymin>y,
Setymin=y
End if
o Ifymax<y,
Setymax =y
End if
End if

4. Make a new blank white image of size (xmax — xmin + 3, ymax — ymin + 3)
5. For every pixel (i, j) of the original image,
e Set x =xmin + i where i moves from 0 to xmax — xmin + 1
e Set y=ymin + j where j moves from 0 to ymax - ymin + 1
where i and j represents the i row and j™ column of the original image that
together represents the (i, j)™ pixel of the original image.
e [f1<=x<=1000and 1 <=y<=1000
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Set (i + 2, j + 2)™ pixel of the new image developed in step 4 to (x, y)"
pixel’s value of the original image.

Else
Set it to O where O represents white color.

End if

The image developed after applying this algorithm was the windowed image having size exactly
same as the character or numeral written by the user. All the images developed by applying the
above algorithm were of different sizes and shapes depending upon the way writer wrote the

character or numeral.

Figure 3.3 represents the windowed images developed from the images represented in Figure 3.2.
[a], [b], [c] in Figure 3.3 represents the corresponding windowed images of the images

represented in Figure 3.2.

Figure 3.3 Windowed images from images in Figure 3.2: [a] Windowed Urah, [b] Windowed
Aarah, [c] Windowed ikk

3.1.2 Normalization

All the windowed images developed by the above mentioned algorithm were then normalized to
a specific size in order to maintain a standard for the recognition purposes. All the images to a

particular size were resized to ease the recognition process.

These resized/normalized images were then used for the feature extraction purposes as

recognition process was done using the feature set developed from these normalized images
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during the feature extraction process. For every single image, feature set was developed from

three different normalized images developed from that image.

Images were normalized to three different sizes shown in Figure 3.4.

IMAGES
NORMALIZED TO

32x32 64x64 128x128

Figure 3.4: Normalization sizes tried for feature extraction
Algorithm 3.3 illustrates developing normalized images from windowed images.
Algorithm 3.3: Resizing the windowed images to size j x k

1. Save all the IDs to be resized in an array A.
2. Loop ‘p’ from 1 to length of the array A.
e Loop ‘i’ from 1 to 100 where 100 is the number of images per ID
o Setid=A(p)
o Set a=int2str(id)
o Setb='win'
o Set c=int2str(i)
o Setd='jpg’
o Setabc=[a b c d] where abc represents one of the windowed images.
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o Set X=imread(abc)
o Set Y=imresize(X,[j k])
o Set a2 to the folder where to store the resized images.
o Setb=""
o Setd='jpg’
o Setabc=[a2abcd]
o Set imwrite(Y,abc)
e End loop
3. End loop
The above algorithm was applied on every windowed image to get for every image three resized

images as shown in Figure 3.5, 3.6 and 3.7.
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Figure 3.7 Resized images to 128 x 128: [a] Resized Urah, [b] Resized Aarah, [c] Resized ikk
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Figure 3.5 [a], [b] and [c] represents the resized images to 32 x 32 of [a], [b] and [c] windowed
images represented in Figure 3.3 correspondingly. Similarly, Figure 3.6 [a], [b], [c] and Figure
3.7 [a], [b], [c] represents the resized images to 64 x 64 and 128 x 128 of [a], [b] and [c]
windowed images represented in Figure 3.3 correspondingly. These resized images were then
used to get the 3 different feature sets for every character or numeral written by the user13s that

was captured as an image.
3.2 Feature Extraction

Feature Extraction forms the building base for the recognition process as every feature set
developed from the resized images during the feature extraction process is fed to the Classifier to
recognize the character or numeral. In the present work, from every image three resized images
were constructed. On every resized image wavelet transformation was applied to get a feature set

that contained wavelet coefficients as the features.

The wavelet transformation performed on every image was done using 54 different wavelets
which gave 54 different feature sets from a single resized image. Similarly, 54 different wavelet
transformations were done on the other two resized images obtained from a single windowed

image using 54 different wavelets.

A WINDOWED
IMAGE
A A A

3233 64x64 128x128

IMAGE IMAGE IMAGE
FEATURE SET| | FEATURE SET FEATURE SET| | FEATURE SET| | FEATURE SET FEATURE SET| | FEATURE SET| | FEATURE SET FEATURE SET

USING USING (———— | USING USING USING | ———— | [SING USING USING | ———— | USING

WAVELET 1| | WAVELET 2 WAVELET 54| | WAVELET 1| | WAVELET 2 WAVELET 34| | WAVELET 1| | WAVELET 1 WAVELET &4

Figure 3.8: Feature sets developed from a single windowed image
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Figure 3.8 represents the complete feature extraction process representing the exact number of
feature sets developed from a windowed image. For every windowed image, 3 x 54 = 162
feature sets were developed. Table 3.1 contains a list of the wavelets used [46] and Table 3.2

shows the wavelet families.

Table 3.1: Various wavelets used for wavelet decomposition

biorl.1 db8
biorl.3 db9
biorl.5 db10
bior2.2 dmey
bior2.4 haar
bior2.6 sym2
bior2.8 sym3
bior3.1 sym4
bior3.3 symb5
bior3.5 sym6
bior3.7 sym7
bior3.9 sym8
bior4.4 rbiol.1
bior5.5 rbiol.3
bior6.8 rbiol.5
coifl rbio2.2
coif2 rbio2.4
coif3 rbio2.6
coif4 rbio2.8
coif5 rbio3.1
dbl rbio3.3
db2 rbio3.5
db3 rbio3.7
db4 rbio3.9
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db5 rbio4.4
db6 rbio5.5
db7 rbio6.8

Table 3.2: Wavelet families

Wavelet family Wavelet keyword Wavelets belonging to the family

Bior Splines bior biorl.1, biorl.3, biorl.5, bior2.2,
bior2.4, bior2.6, bior2.8, bior3.1,
bior3.3, bior3.5, bior3.7, bior3.9,
bior4.4, bior5.5, bior6.8

Coiflets coif coifl, coif2, coif3, coif4, coif5
Daubechies db dbl, db2, db3, db4, db5, db6, db7, db8,
db9, db10
DMeyer dmey dmey
Haar haar haar
Symlets sym sym2, sym3, sym4, sym5, sym6, sym?7,
sym8
Reverse Bior rbio rbiol.1, rbiol.3, rbiol.5, rbio2.2,

rbio2.4, rbio2.6, rbio2.8, rbio3.1,
rbio3.3, rbio3.5, rbio3.7, rbio3.9,
rbio4.4, rbio5.5, rbio6.8

For a single character/numeral 100 different samples were taken from different users and all
these samples were captured as an image from which windowed images were developed for all
the samples. From all those images 3 resized images were developed and for all those 3 images

per sample 54 feature sets were constructed using the 54 wavelets mentioned in Table 3.1.

Therefore, for each character/numeral 100 x 3 x 54 = 16,200 feature sets were developed out of
which 80 x 3 x 54 = 12,960 feature sets were used to train the lib-svm classifier to recognize the
character/numeral where all these feature sets were given the same ID in order to express that all

these feature sets belong to a single character and if provided with any matching feature set, the
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output should be this particular character/numeral only. The rest 20 x 3 x 54 = 3,240 feature sets
were used for the testing purposes in order to find out that lib-svm is able to recognize this
particular 1D correctly to which extent and this process formed the basis of the process of finding
the accuracy of recognition which will be discussed in detail in next chapter.
3.2.1 Samples developed for the upper zone characters
11 characters from the upper zone were tested. The characters tested are shown in Table 3.3
along with their IDs.

Table 3.3: Upper zone strokes tested

ID CHARACTER DETAILS
121 Upper bar
122 —\\ Laawan
123 \) Dalaawan
124 Hora

L
125 | Ghanoura bar
126 % Adhak
127 Bindi
128 2 Tippi
130 / Dalaawan
131 D\j Dalaawan
132 Q\ Laawan

55



For all the above mentioned IDs from the upper zone 100 samples each were developed = 100 x
11 = 1,100 samples and from each of these samples, three normalized samples were developed =
1,100 x 3 = 3,300 samples from which 3,300 x 54 = 178,200 feature sets were obtained by
wavelet decomposition of these 3,300 samples using 54 different wavelets (if only 1 level of
decomposition is considered). Any of the above mentioned feature sets contained the wavelet
coefficients as features obtained after wavelet decomposition of a sample by using one of the
wavelets shown in Table 3.1.
3.2.2 Samples developed for the middle zone characters
33 characters from the middle zone were tested. The characters tested are shown in Table 3.4
along with their IDs.

Table 3.4: Middle zone strokes tested

ID CHARACTER DETAILS
141 G Urah
144 m Aarah
150 E} Eedi
152 dj Sassa
155 K’ Haaha
157 0{ Kakka
159 ’24‘ Khakha, Pappa
160 ’H Khakha
162 [ Vertical bar
164 d Gagga, Rara
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166 w Ghagga
169 5 Aeyaa
170 ﬁ Chachaa
172 5 Chhachha
175 ﬂ Jajja
176 >§\ Jhajja
180 % Neyaa
181 E Vaawa
182 EI/ Tenga
183 d) Thatha
185 5 Dadda
187 @] Dhadhaa
190 E Nahnaa
191 3 Tatta
194 E Dadhaa
195 q Dhadda
196 Nanhaa
O
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200 dD Faffa
203 a Babba
205 3 Bhabhaa
206 EH Mamma
208 ’El Yaeya
210 % Lalla

For all the above mentioned IDs from the middle zone 100 samples each were developed = 100 x
33 = 3,300 samples and from each of these samples, three normalized samples were developed =
3,300 x 3 = 9,900 samples from which 9,900 x 54 = 534,600 feature sets were obtained by
wavelet decomposition of these 9,900 samples using 54 different wavelets (if only 1 level of
decomposition is considered). Any of the above mentioned feature sets contained the wavelet
coefficients as features obtained after wavelet decomposition of a sample by using one of the

wavelets shown in Table 3.1.

3.2.3 Samples developed for the lower zone characters

7 characters from the middle zone were tested. The characters tested are shown in Table 3.5

along with their IDs.

Table 3.5: Lower zone strokes tested

ID CHARACTER DETAILS
101 Onkaar
—_—
102 Bindi
103 Raa
‘\
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104 Haa
<

105 E Vaa

106 Dulenkar
=

107 Halant
b

For all the above mentioned I1Ds from the middle zone 100 samples each were developed = 100 x
7 = 700 samples and from each of these samples, three normalized samples were developed =
700 x 3 = 2,100 samples from which 2,100 x 54 = 113,400 feature sets were obtained by wavelet
decomposition of these 2,100 samples using 54 different wavelets (if only 1 level of
decomposition is considered). Any of the above mentioned feature sets contained the wavelet co-
efficients as features obtained after wavelet decomposition of a sample by using one of the

wavelets shown in Table 3.1.

3.2.4 Samples developed for numerals

40 characters from the numerals were tested. The characters tested are shown in Table 3.6 along

with their IDs.

Table 3.6: Numerals strokes tested

ID CHARACTER DETAILS
351 CE One
352 ;2 Two
353 5 Three
354 8 Four
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355 2_,] Five
356 é Six
357 D Seven
358 t Eight
359 Lé Nine
360 O Zero
361 One
1
362 2 Two
363 3 Three
364 4 Four
365 5 Five
366 6 Six
367 7 Seven
368 8 Eight




369 g Nine
370 I Roman
One

371 \/ Roman Five

372 >( Roman Ten

373 L_ Roman Fifty

374 C Roman Hundred

375 D Roman Five
Hundred

376 M Roman Thousand

377 ! Plus

378 Minus

379 \ Back Slash

380 / Forward Slash

381 [ Open Square
Bracket

382 j Close Square

Bracket




383 ( Open Round
Bracket
384 > Close Round
Bracket
385 E Open Curly
Bracket
386 Close Curly
_% Bracket
387 ( Apostrophe
388 @ At the Rate
389 Comma
/
390 H Four

For all the above mentioned IDs from the numerals 22 samples each were developed = 22 x 40 =
880 samples and from each of these samples, three normalized samples were developed = 880 x
3 = 2,640 samples from which 2,640 x 54 = 142560 feature sets were obtained by wavelet
decomposition of these 2,640 samples using 54 different wavelets (if only 1 level of
decomposition is considered). Any of the above mentioned feature sets contained the wavelet co-
efficients as features obtained after wavelet decomposition of a sample by using one of the

wavelets shown in Table 3.1.

3.2.5 Feature sets development from a sample

A single sample was normalized three times to get three normalized images of 32 x 32, 64 x 64
and 128 x 128.

32 x 32 sample was wavelet decomposed (using any one of the wavelets) two times to get 16 x

16 image that gives 16 x 16 = 256 coefficients that formed one feature set and 8 x 8 image that
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gives 8 x 8 = 64 coefficients that formed the other feature set. Similarly, by wavelet
decomposition of the same sample by other 53 wavelets, 53 x 2 = 106 feature sets were obtained
making a total of 108 feature sets, half of which had 256 coefficients and the other half contained
64 coefficients.

Similarly, 64 x 64 sample was wavelet decomposed (using any one of the wavelets) two times to
get 32x32 image that gives 32 x 32 = 1,024 coefficients that formed one feature set and 16x16
image that gives 16 x 16 = 256 coefficients that formed the other feature set. Similarly, by
wavelet decomposition of the same sample by other 53 wavelets, 53 x 2 = 106 feature sets were
obtained making a total of 108 feature sets, half of which had 1,024 coefficients and the other
half contained 256 coefficients.

128 x 128 sample was wavelet decomposed (using any one of the wavelets) three times to get 64
x 64 image that gives 64 x 64 = 4,096 coefficients that formed one feature set, 32 x 32 image
that gives 32 x 32 = 1,024 coefficients that formed second feature set and 16 x 16 image that
gives 16 x 16 = 256 coefficients that formed the third feature set. Similarly, by wavelet
decomposition of the same sample by other 53 wavelets, 53 x 3 = 159 feature sets were obtained
making a total of 162 feature sets, one-third of which were 4,096 coefficients, other one-third

contained 1,024 coefficients and the remaining one-third had 256 coefficients.

Therefore, in total 108 + 108 + 162 = 378 feature sets were developed for a single sample. In
total (3,300 + 9,900 + 2,100 + 2,640) x 378 = 6,781,320 feature sets were developed.

Table 3.7 represents the complete procedure of development of all feature sets from a single

sample by representing the all levels of decomposition.

Table 3.7: Levels of decomposition used

Description Upper Zone Middle Zone Lower Zone Numeral

Character Character Character
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Decomposed -3 i & i
to 16 x 16

Algorithm 3.4 represents a sample how to develop the feature set 1 from sample 128 x 128

image shown in Figure 3.9 by performing level 1 decomposition.
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Figure 3.9: A sample 128 x 128 image

—

Algorithm 3.4: Developing all the feature sets from a 128 x 128 image
1. Read the image in X.
2. Apply 3 levels of wavelet decomposition on the image using any one of the 54
wavelets shown in Table 3.1.
3. Store the approximation coefficients in A1, A2 and A3 corresponding to level 1, level
2 and level 3 decomposition.
4. Store the size limits of level 1, level 2 and level3 in Y in the same sequence.
5. Set ‘name’ array to [a,b,c];
6. Loopifrom1to3
e Setn=0
e Open a text file named name(i)
e Loopjfrom1to Y(i)
o Loop k from 1to Y(i)
e Incrementn
o Ifi==1
Coeff=Al(j, k)
Else if i==

Coeff=A2(j, k)
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Else
Coeff=A3(j, k)

e Write n followed by colon followed by the coeff in file opened.

End if
o End loop
e End loop
7. Close the file opened
8. End loop
']Q'Notepad (= @

] - Notepad

file Edit Format View Help

File Edit Format View Help
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(a] Start of file

[b] End of file

Figure 3.10: Feature set 1 (4,096 coefficients)
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4 Hr *

[a] Start of file

[b] End of file

Figure3.11: Feature set 2 (1,024 coefficients)
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Figure 3.10 represents the output feature set in a text file. As the sample image obtained after

wavelet decomposition is of size 64 x 64, therefore, the feature set 1 contains 4,096 coefficients.

Figure 3.11 represents the output feature set 2 developed by the level 2 wavelet decomposition of
the image represented by the Figure 3.9 or level 1 decomposition of the decomposed sample
obtained by the level 1 decomposition. As the sample image obtained after level 2 wavelet

decomposition is of size 32 x 32, therefore, the feature set 2 contains 1,024 coefficients.

Figure 3.12 represents the output feature set 3 in a text file obtained by the wavelet
decomposition of the decomposed sample obtained by the level 2 decomposition. This process is
called level 3 decomposition. This feature set can also be obtained by 3 level decomposition of
the image shown in Figure 3.9. As the sample image obtained after level 3 wavelet

decomposition is of size 16 x 16, therefore, the feature set 3 contains 256 coefficients.
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[1:2.040000e+003 2:2.040000e+003 3:2.040000e+003 - 211:1.470500e+003 212:1.805875e+0032 213:2.040000e+003 =
4:2.040000e+003 5:2.022125e+003 6:2.015625e+003 214:2.040000e+003 215:2.040000e+003 216:2.040000e+003
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25:1.978500e+003 26:1.991000e+0032 27:1.999000e+003 235:1.936500e+003 236:1.749625e+003 237:1.5086252+003
28:2.006875e+003 29:2.005375e+003 30:1.731875e+003 238:1.955500e+003 239:2.015625e+003 240:2.014875e+003
31:1.301125e+003 32:1.957625e+003 33:1.982375e+003 241:2.040000e+003 242:2.040000e+0032 243:2.040000e+003
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[a] Start of file [b] End of file

Figure 3.12: Feature set 3 (256 coefficients)

Similarly, a 64 x 64 image is decomposed to level 2 of wavelet decomposition giving two feature
sets of 32 x 32 and 16 x 16 sizes containing 1,024 and 256 coefficients correspondingly and a 32
x 32 image is also decomposed to level 2 of decomposition giving two feature sets of 16 x 16

and 8 x 8 sizes containing 256 and 64 coefficients correspondingly.
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Chapter 4

Recognition of Punjabi Numerals and Zone-wise Recognition of

Punjabi Characters Using Wavelet Based Features

Recognition is the major step of the whole online handwritten character recognition process. As
discussed before it involves recognizing a particular character/numeral written by the user online
that is captured as an image, by classifying the feature set (developed from any of the normalized
image by wavelet decomposition of the image using any of the 54 wavelets discussed in previous
Chapter). Classification of the feature set involves providing a class to the character/numeral to
which it may belong depending on its feature set where a class is any ID from it’s zone if it’s a

character else any ID from numerals. Every ID represents a different class.

In order to classify a character/numeral depending upon its feature set, the classifier must be
trained first with a number of feature sets of the same character/numeral obtained from various
samples of that character/numeral so that it classifies the feature sets provided from the same

ID’s sample to the same ID.

The classifier used was lib-svm and for recognition, out of 100 samples of each ID of a particular
size 80 samples were used for training which gave 80 feature sets using one wavelet which were
kept as one training file and the rest 20 samples were used for testing from which the feature sets
obtained using one wavelet were kept in one testing file. Similarly, for every 54 wavelets

applied, 54 different training and 54 different testing files were obtained.

But instead of keeping every ID’s testing feature sets in different files, testing feature sets of all
IDs from same zone or all numeral IDs using same wavelet were kept in the same file called
testing file and similarly, all training feature sets from same wavelet of all similar zone IDs were
kept in the same file called training file. Similarly 53 other training and testing files were

obtained from all the same ID’s samples but of same size.

Figure 4.1 represents the total number of training and testing files and the number of feature sets

per training/testing file.
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Total number of prediction files = number of normalizations

Z number of decomposition levels X
i=1 S4(number of wavelets)

= total number of training files

Number of feature sets per prediction file = number of Ids in zone/number of numerals X 20

Number of feature sets per training file = number of Ids in zone/mumber of numerals X 80

Figure 4.1: Total number of training/testing files and number of feature sets per training/testing
file

4.1 Lib-svm format for the training and testing files

The lib-svm classifier uses a special format for the training and testing files. The classifier takes
as input the testing and training files to give the accuracy of recognition only in this format. The

format goes like,
ID 1:1% coefficient 2:2" coefficient ... n:n™ coefficient (a line break)

ID 1:1% coefficient 2:2™ coefficient ... n:n™ coefficient (a line break)

ID 1:1% coefficient 2:2™ coefficient ... n:n" coefficient

Therefore, we conclude that every line’s first few characters before a space is taken as the ID and
then before the line break a single feature set goes in the format, the coefficient number (m)
followed by colon followed by the coefficient (m™). n for every ID in single file whether it is the
training or the testing file should be same and even all the feature sets in a single training/testing

file were developed by wavelet decomposition of same sized samples using the same wavelet.

A sample is shown in Figure 4.2.
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101 1:8.085156e+0032 2:7.222250e+0032 3:6.797750e+003 -
4:7.157594e+003

101 1:8.139094e+003 2:7.705219e+003 3:7.892344e+003
4:6.747281e+003

101 1:7.746281e+0032 2:7.2387E81e+0032 3:8.048781e+003
4:7.553125e+003

101 1:8.065094e+0032 2:7.651563e+003 3:7.223188e+003
4:6.786000e+003

101 1:8.050094e+0032 2:7.912500e+0032 3:7.282906e+003
4:6.9237875e+003

101 1:7.762625e+0032 2:6.700156e+0032 3:7.745500e+003
4:7.919125e+003

101 1:7.453469e+003 2:6.849375e+003 3:7.721938e+003
4:8.090031e+003

101 1:7.846719e+0032 2:7.450719e+003 3:6.357844e+003
4:5.756563e+003

Figure 4.2: A sample testing file withn =4
4.2 Statistics on training and testing files from upper zone
11 1Ds were tested from the upper zone for as discussed before.

From every 100 samples of each ID of 32 x 32 = 11 x 100 = 1,100 samples, 11 x 80 = 880
samples were used for training which gave 880 feature sets using one wavelet which were kept
as one training file and the rest 11 x 20 = 220 samples were used for testing from which the
feature sets obtained using one wavelet were kept in one testing file. Similarly, for every 54
wavelets applied, 54 different training and 54 different testing files were obtained. But these 54
training/testing files were developed by level one decomposition of the samples. Therefore, they
had 256 coefficients in every feature set. Similarly, 54 training and 54 testing files were
developed from the same samples by level 2 decomposition of the samples in which every

feature set had 64 coefficients.

Similarly, 54 x 2 = 108 training files and 108 testing files were developed from 1,100 samples of
64 x 64 size, out of which 54 training and 54 testing files had 1,024 coefficients in each feature

set and the rest all had 256 coefficients per feature set.

Similarly, 54 x 3 = 162 training files and 162 testing files were developed from 1,100 samples of
128 x 128 size, out of which 54 training and 54 testing files had 4,096 coefficients, other 54
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training and 54 testing files had 1,024 coefficients in each feature set and the rest all had 256

coefficients per feature set.

Therefore, in total the number of testing files = 108 + 108 + 162 = 378 files = number of training
files.

Using the formula shown in Figure 4.1,

Number of testing files = 2 x 54 (for 32 x 32) + 2 x 54 (for 64 x 64) + 3 x 54 (for 128 x 128) =
108 + 108 + 162 = 378 files = number of training files that is equivalent to the above calculated
files and the number of feature sets per testing file = 11 x 20 = 220 and the number of feature
sets per training file = 11 x 80 = 880.

4.3 Statistics on training and testing files from middle zone
33 IDs were tested in from the middle zone. According to the formula in Figure 4.1,

Number of testing files = 2 x 54 (for 32 x 32) + 2 x 54 (for 64 x 64) + 3 x 54 (for 128 x 128) =
108 + 108 + 162 = 378 files = number of training files that is equivalent to the above calculated
files and the number of feature sets per testing file = 33 x 20 = 660 and the number of feature

sets per training file = 33 x 80 = 2,640 sets.
4.4 Statistics on training and testing files from lower zone

7 1Ds were tested in from the lower zone as discussed in previous chapter. Using the formula in

Figure 4.1,

Number of testing files = 2 x 54 (for 32 x 32) + 2 x 54 (for 64 x 64) + 3 x 54 (for 128 x 128) =
108 + 108 + 162 = 378 files = number of training files that is equivalent to the above calculated
files and the number of feature sets per testing file = 7 x 20 = 140 and the number of feature sets

per training file = 7 x 80 = 560.
4.5 Statistics on training and testing files from numerals

40 IDs were tested in from the numerals. According to the formula in Figure 4.1,
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Number of testing files = 2 x 54 (for 32 x 32) + 2 x 54 (for 64 x 64) + 3 x 54 (for 128 x 128) =
108 + 108 + 162 = 378 files = number of training files that is equivalent to the above calculated
files and the number of feature sets per testing file = 40 x 8 = 320 and the number of feature sets

per training file = 40 x 16 = 640 sets.
4.6 Creation of training and testing files

Algorithm 4.1 represents the complete testing and training files creation process for all 100

samples of same size of all IDs belonging to same zone/numerals.

Algorithm 4.1: Creation of training and testing files from all same sized samples of same

zone/of numerals

1. Set array coeff’s values to the number of coefficients wanted from the images (size of
array is either 2 or 3 depending on the size of the samples taken).
2. Set array limit to the number of rows acc to the number of coefficients required
corresponding to the array coeff.
3. Setarray wave to 54 wavelets to be used for decomposition.
4. Set array Ids to all the IDs from the zone or numerals accordingly.
5. Loop ptfrom1to 2
e Loop L from 1 to length of array coeff
¢ Loop w from 1 to length of array wave
o Loop i from 1 to length of array Ids
o Ifpt==1
L1=1 and L2=20
Else
L1=21 and L2=80
End if
o LoopjfromL1ltolL2
e Set name to file represented by j
o Apply wavelet decomposition to 3 levels
on the file represented by name using

wavelet represented by wave(w) and
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store the approximation coefficients
from these levels in A1, A2, A3
If pt==1
Set filename to concatenation of ‘p’
and number represented by w
Else
Set filename to concatenation of ‘t’
and number represented by w
End if
Open the file represented by filename in
writing mode
Set n=0
Loop k from 1to Limit(L)
o Loopmfrom1to Limit(L)

e Increment ‘n’

Put n followed by
colon followed by
Al(k, m) followed by
a line break or a space
depending on whether
n=coeff(L) or not in
file filename
Else if L==2

Put n followed by
colon followed by
A2(k, m) followed by
a line break or a space
depending on whether
n=coeff(L) or not in

file filename



Else
Put n followed by
colon followed by
A3(k, m) followed by
a line break or a space
depending on whether
n=coeff(L) or not in

file filename
End if
o Endloop
e End loop
e Close file represented by filename
o Endloop
o End loop
o) End loop
e End loop

6. End loop

For 32 x 32 samples, array coeff’s values are 256 and 64 and correspondingly the array limit
contains values 16 and 8. For any set of IDs represented by IDs array the algorithm will develop
54 x 2 =108 testing files and 108 training files out of which 54 testing and 54 training files will
contain feature sets with 256 coefficients and the rest will contain feature sets with 64

coefficients.

Similarly, for 64x64 samples, array coeff’s values are 1,024 and 256 and correspondingly the
array limit contains values 32 and 16. 108 testing files and 108 training files will be developed
out of which 54 testing and 54 training files will contain feature sets with 1,024 coefficients and

the rest will contain feature sets with 256 coefficients.

Similarly, for 128 x 128 samples, array coeff’s values are 4,096, 1,024 and 256 and
correspondingly the array limit contains values 64, 32 and 16. 162 testing files and 162 training

files will be developed out of which 54 testing and 54 training files will contain feature sets with
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4,096 coefficients and other 54 testing and 54 training files will contain feature sets with 1,024

coefficients and the rest will contain feature sets with 256 coefficients.

Figure 4.3 represents testing files from a 64 x 64 image that was decomposed using wavelet
biorl.1.
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141 1:5.100000e+002 2:5.100000e+002 3:5.100000e+002 & 141 1:1.020000e+003 2:1.020000e+003 3:1.020000e+003 -
4:5.100000e+002 5:5.100000e+002 6:5.100000e+002 4:1.020000e+003 5:1.001000e+003 6:1.001000e+003
7:3.100000e+002 8:5.100000e+002 9:5.005000e+002 7:9.460000e+002 8:8.765000e+002 9:8.062500e+002
10:5.040000e+002 11:5.000000e+002 12:5.015000e+002 10:9.982500e+002 11:8.630000e+002 12:9.122500e+002
13:5.055000e+002 14:5.050000e+002 15:5.010000e+002 13:8.502500e+002 14:8.380000e+002 15:9.852500e+002
16:492 17:5.005000e+002 18:4.980000e+002 19:4,960000e 16:1.001500e+003 17:1.020000e+003 18:1.020000e+003
+002 20:4.9800002+002 21:3.245000e+002 22:4.15/5000¢ 19:1.020000e+003 20:1.020000e+003 21:8.495000e+002
+002 23:4.970000e+002 24:3.265000e+002 25:4.235000e 22:7.220000e+002 23:7.850000e+002 24:9.907500e+002
+002 26:4.995000e+002 27:4.975000e+002 28:4.825000e - 25:9.967500e+002 26:9.862500e+002 27:9.945000e+002 o
[a] Start of file
r
" p1 - Notepad = @] & || ) p1-Notepad =NR=y X
File Edit Format View Help File Edit Format View Help
1005:5.080000e+002 1006:5.063000e+002 1007:5.075000e - 235:1.020000e+003 236:1.017000e+003 237:1.006250e+003 -
+002 1008:5.100000e+002 1009:3.100000e+002 238:1.010750e+003 239:8.247500e+002 240:7.395000e+002
1010:5.100000e+002 1011:5.100000e+002 1012:5.100000e 241:9.970000e+002 242:1.010250e+003 243:9.892500e+002
+002 1013:5.100000e+002 1014:3.100000e+002 244:7.565000e+002 245:1.018000e+003 246:1.018000e+003
1015:5.100000e+002 1016:5.070000e+002 1017:5.055000e 247:1.017000e+003 248:1.018000e+003 249:1.020000e+003
+002 1018:5.040000e+002 1019:5.075000e+002 250:1.020000e+003 251:1.020000e+003 252:1.017000e+003
1020:5.020000e+002 1021:5.010000e+002 1022:5.045000e 253:1.011000e+003 254:1.002000e+003 255:9.370000e+002
+002 1023:5.085000e+002 1024:5.005000e+002 256:9.485000e+002
h
[b] End of file
1024 coefficients 256 coefficients

Figure 4.3: Testing files of 64 x 64 image decomposed using biorl.1
4.7 Recognition process

Figure 4.4 represents the process of recognition using the testing and training files developed

above.
4.7.1 Scaling

The scaling was done using the same parameters for all the testing or training files used. The
parameters taken were,

-11-u9
where ‘I’ represents the minimum value for scaling and ‘u’ represents the maximum limit for

scaling.
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using — = output file
model training file

Figure 4.4: The recognition process
4.7.2 Training

For training firstly, the general parameters were taken for all the 54 training files of same number

of coefficients that are described below that gave 54 model files correspondingly
-s0-t2-d3-g1-r0-c1l

and then out of the 54 output files obtained using these 54 model files correspondingly, the best
output that corresponds to the maximum accuracy achieved for that number of coefficients is
found and then all combinations are tried for the various parameters on that particular wavelet

training-testing file.
Various parameters combinations [45] tried are shown in Table 4.1 and 4.2.

Table 4.1: Parameters tried for training

Parameter Parameter Parameter symbol Values tried
name description
svm type type of the -S 0,1,23,4
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support vector

machine

cost

value for the
parameter C for
C-SVC, epsilon-

SVR, and nu-
SVR classifiers

0.1, 05,1, 5, 10, 50, 100, 500,
1000

kernel type

type of the kernel

0,12,

nu

Value for the
parameter nu for
nu-SVC, one-
class SVM, and
nu-SVR

classifiers

0.1,0.2,0.3,...0.9

epsilon

tolerance value
for the
termination

criterion

0.01,0.05,0.1,05,1

epsilon

epsilon value for
the loss function
of epsilon-SVR

0.1

gamma

gamma value for
the kernel

function

0,0.01,0.05,0.1,05,1

coef0

coef0 value for
the kernel

function

0, 1,5, 10, 50, 75, 100

degree

degree value for
the kernel

function

0,123
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cross validation

k-fold cross

validation

1,5, 10, 20, 50, 80

Table 4.2: SVM type and kernel type parameters in detail

Parameter name | Parameter symbol | Value Description

type of support -S 0 C-SVvC

vector machine 1 nu-SVC
2 One class SVM
3 Epsilon SVR
4 nu-SVR

kernel type -t 0 linear kernel = u x v
1 polynomial = (gamma X u x v +
coefQ)dedree

2 radial basis = gl'%mma *v"2)
3 sigmoid = tanh(gamma x u x v + coef0)

All the parameters with all the possible combinations were not tried together. There are

parameters combinations that are tried together and rest are not required at that time. Table 4.3

represents the various parameters that are tested together for various combinations.

Table 4.3: VVarious combinations tried

Parameter Value Parameters used along with it
-S 0 C
1 n
2 n
3 c,enp
4 c,n
-t 0 v
1 g, r,dv
2 g,V
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3 g, rv

4.7.3 Testing

The testing step takes as input a model training file and a scaled testing file and gives two output
files, one gives the testing analyzing which tells us which feature set was predicted with correct
ID and which was not and the other file tells us the accuracy achieved in this process with that
particular model file that was achieved with particular values for various parameters used.

Algorithm 4.2 shows creation of batch files.

Algorithm 4.2: Creation of batch files to try all the parameter combinations on a testing-

training files pair

1. Set range of values for ‘n’, ‘d’, ‘g’, ‘v’, ‘c’, ‘p’, ‘e’, ‘r’ in nr, dr, gr, vr, cr, pr, er and rr
correspondingly.
2. LoopsfromOto4
o |Ifs==
sr="c’
Else if s==1 or s==
sr="n’
Else if s==
sr=[‘c’,’e’,’p’]
Else
sr=[‘c’,’n’]
End if
e LooptfromOto3
o Ift==0
tr="v’
Else if t==1
tr=[‘g’,’r’,’d’,’v’]
Else if t==2
tr=['g’,"v’]
Else
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tr=[‘g’,’r’,’v’]
End if

o Set A to combination of arrays sr and tr.

o Setato the range arrays of parameters in sr and tr.

o Set len to the number of columns in A.

o Open file named SvmTrain in append mode.

o Write ‘(\n’ in SvmTrain.

o Loopkfrom1tolen
J Loop j from 1 to length(A)

o Set string aa to ‘—A(j) a(j, k).

o End loop
o Write a string ‘svm-scale.exe -1 1 -u 9 -s range t.txt >

t.txt.scale' into SymTrain followed by a line break.

o Write string 'svm-train.exe —s * in SvmTrain.

o Write value of s in SymTrain.

o Write string © —t ¢ in SvmTrain.

o Write value of t in SymTrain.

. Write string ‘t.txt.scale' in SymTrain followed by a line
break.

o Write string ‘svm-scale.exe -1 1 -u 9 -s range p.txt >

p.txt.scale' into SymTrain followed by a line break.

o Write string 'svm-predict.exe p.txt.scale
t.txt.scale.model o.txt >> output.txt’ in SvmTrain
followed by a line break.

o Write a string ‘svm-scale.exe -1 1 -u 9 -s range t.txt >
t.txt.scale' into SvmTrain followed by a line break.

o End loop
o Write )’ in SymTrain.
o Close SvmTrain.
e End loop
3. End loop
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Chapter 5

Results and Discussions

In order to find out the best accuracy, every 54 files were first tested with the general parameters
in order to find out the wavelet that gives the maximum accuracy for that size and that number of

coefficients combination.

In all, for any zone or for numerals 2 (for images of 32 x 32) + 2 (for images of 64 x 64) + 3 (for
images of 128 x 128) = 7 sets of 54 training files were tested to find out their set’s wavelet that

gave the best accuracy with general parameters for svm-train.

A single batch file was created with all the four commands of scaling the training file, training
the training file, scaling the prediction file and prediction of the scaled prediction file using the
model training file developed, for all 54 prediction-training files (54 x 4 = 216 commands). This
batch file was executed 7 times for 7 pairs of 54 training-prediction files for one zone and for all

zones including numerals 7 x 4 = 28 times.

Table 5.1 represents the wavelets found for all 54 training-prediction files that gave the best

accuracy with general (default) parameters.

Table 5.1: Wavelet giving maximum accuracy with default/general parameters for training

Size Coefficients Wavelet Accuracy
UPPER ZONE
32x32 256 db2 91.3%
32 x 32 64 biorl.1 90.4%
64 x 64 1,024 sym4 90.4%
64 x 64 256 dbl 90.4%
128 x 128 4,096 biorl.1 88.6%
128 x 128 1,024 biorl.1 90.0%
128 x 128 256 biorl.1 90.0%
MIDDLE ZONE
32 x 32 256 rbio3.1 85.6%
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32 %32 64 coif5 59.7%
64 x 64 1,024 rbio3.1 86.3%
64 x 64 256 rbio3.1 86.0%
128 x 128 4,096 rbio3.3 84.8%
128 x 128 1,024 biorl.1 61.8%
128 x 128 256 biorl.1 38.4%
LOWER ZONE
32 x 32 256 rbio3.3 81.4%
32 x 32 64 db2 82.1%
64 x 64 1,024 bior3.1 80.7%
64 x 64 256 rbio3.1 83.5%
128 x 128 4,096 bior3.1 75.7%
128 x 128 1,024 bior2.8 78.5%
128 x 128 256 rbio3.3 82.8%
NUMERALS
32 %32 256 rbio3.1 61.8%
32 x 32 64 rbio3.1 65.6%
64 x 64 1,024 rbio3.1 55.9%
64 x 64 256 rbio3.1 60.9%
128 x 128 4,096 biorl.1 52.8%
128 x 128 1,024 rbio3.1 54.0%
128 x 128 256 rbio3.1 61.5%

After finding the wavelets, all the parameter combinations discussed in chapter 4 were applied
on the training-prediction pair obtained from the specific wavelets that gave maximum accuracy

for that zone or numerals.

Table 5.2 represents the results obtained after running the batch file of all combinations on the
particular pair of training-prediction files obtained using the particular wavelets determined

earlier shown in Table 5.1.

82



Table 5.2: Maximum accuracy achieved for all sizes of character image and number of wavelet

coefficients tried

Size Coefficients Accuracy
UPPER ZONE
32 x 32 256 91.8%
32x32 64 95.0%
64 x 64 1,024 93.6%
64 x 64 256 93.2%
128 x 128 4,096 90.0%
128 x 128 1,024 92.7%
128 x 128 256 93.6%
MIDDLE ZONE
32 x 32 256 90.7%
32 x 32 64 69.3%
64 x 64 1,024 90.3%
64 x 64 256 90.6%
128 x 128 4,096 70.3%
128 x 128 1,024 65.6%
128 x 128 256 65.6%
LOWER ZONE
32x32 256 89.2%
32 x 32 64 88.5%
64 x 64 1,024 87.8%
64 x 64 256 89.2%
128 x 128 4,096 88.5%
128 x 128 1,024 84.6%
128 x 128 256 83.5%
NUMERALS
32 x 32 256 71.8%
32 x 32 64 74.3%
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64 x 64 1,024 67.1%
64 x 64 256 72.8%
128 x 128 4,096 61.5%
128 x 128 1,024 65.9%
128 x 128 256 70.6%
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Chapter 6

Conclusion and the Future Scope

6.1 Conclusion

After trying out all the combinations on 32 x 32 (64 coefficients), 32 x 32 (256 coefficients), 64
x 64 (256 coefficients), 64 x 64 (1,024 coefficients), 128 x 128 (256 coefficients), 128 x 128
(1,024 coefficients) and 128 x 128 (4,096 coefficients) images of upper zone, middle zone, lower
zone and numerals it was concluded that the maximum accuracies in all the zones and numerals

were those shown in Table 6.1.

Table 6.1: Overall maximum accuracy achieved

Zone Size Coefficients | Wavelet | Maximum Accuracy
Upper Zone 32 %32 64 biorl.1 95.0%
Middle Zone 32 x 32 256 rbio3.1 90.7%

Lower Zone | 32 x 32,64 256 rbio3.3, 89.2%
x 64 rbio3.1
Numerals 32 %32 64 rbio3.1 74.3%

From above table it can be concluded that for upper zone maximum accuracy of 95.0% was
achieved by feature sets containing 64 coefficients that were obtained by wavelet decomposition
by biorl.1 wavelet of images from this zone of size 32 x 32. For middle zone maximum
accuracy of 90.7% was achieved by feature sets containing 256 coefficients that were obtained
by wavelet decomposition by rbio3.1 wavelet of images from this zone of size 32 x 32. For
lower zone maximum accuracy of 89.2% was achieved by feature sets containing 256
coefficients that were obtained by wavelet decomposition by rbio3.3 and rbio3.1 wavelet of
images from this zone of size 32 x 32 and 64 x 64 respectively. For numerals maximum
accuracy of 74.3% was achieved by feature sets containing 64 coefficients that were obtained by

wavelet decomposition by rbio3.1 wavelet of images from this zone of size 32 x 32.

6.2 Future scope

In future, one can try to improve the accuracies achieved by following experiments:
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100 samples per ID were considered out of which 80 per Id were used to train and the rest
20 were used to predict. One can try and increase or decrease the number of samples per
Id and even different divisions of samples into training file and prediction file can also be
considered.

For all the images three normalization sizes were considered; 32 x 32, 64 x 64 and 128 x
128. Various other sizes can also be experimented on.

32 x 32 image was decomposed to two levels giving 256 and 64 coefficients respectively
and 64 x 64 image was also decomposed to two levels giving 1,024 and 256 coefficients.
Similarly, 128 x 128 image was also decomposed to three levels of decomposition giving
4,096, 1,024 and 256 coefficients.

Along with various sizes, one can also try out various levels of decomposition giving
different number of coefficients.

From middle zone all the strokes were not considered. The left strokes should also be
considered for testing for accuracy.

The parameters for various exe files related to the scaling, training and prediction can be

tested for other different values.
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