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ABSTRACT 

 

Optical Character Recognition is getting much more attention because of this the computer 

learns and recognizes the regional languages pretty well and if it gains successes, then it 

opens a whole new world of endless possibility. The machine printed characters are 

accurately recognizable which has solved many problems and hence commercialized in 

routine use, but the recognition of handwritten characters is very difficult. So methods for 

recognition of handwritten documents are still a subject of active research. There is no 

common algorithm is possible for all Indian languages, because each Indian language has 

its own features and restrictions. In Gujarat state, Gujarati is the commercial language and 

most of the communication in Government office, schools, and private sectors is done in 

Gujarati. Handwritten Gujarati OCR system used for detecting the handwritten amount on 

a cheque, automatic reading of marks from the answer sheet, and a learning application for 

the education system. The research work is mainly focused on the implementation of a 

robust algorithm for Handwritten Gujarati OCR. 

The k-nearest neighbor (KNN) and support vector machine (SVM) classifiers were used on 

different feature extraction methods like Pixel Count Ratio, Object Gradient, Object 

Geometry, Character Profile, Local Binary Pattern, Center-Symmetric Local Binary 

Pattern, And Wavelet Transform methods. Furthermore, hybrid feature extraction methods 

were used to increase the performance of character recognition. The other novel approach 

of automated features extracted was implemented using Deep learning and the extracted 

features were given to SVM for handwritten character classification. For the increasing 

recognition rate of characters, a pre-trained Deep Neural network (Alexnet) has been used 

for classification. The three different applications were implemented named “Handwritten 

Gujarati Character Recognition and Speech Conversion (HGCTS)”, “Handwritten Gujarati 

Numeral Recognition and Speech Conversion  (HGNTS)” and “Automatic Handwritten  

Marks Recognition  (AHMR)”. 

KNN, SVM and Deep Neural Networks gives recognition accuracy of 98.46%,98.72% and 

99.30% for Numeral, 92.37%, 92.21% and 97.65% for characters and 92.86%, 92.93% and 

97.73% for combining Numerals and Characters respectively.  
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Chapter 1   

Introduction 

1.1 Preamble 

As the world moves faster towards the conception of the “paperless office”, the digitally 

formatted documents are preferred for communication and storage. Over the past decade, 

the revolution is started in the document preparation method. Some software tools like 

word processors, spreadsheets, etc. are used for writing purposes. Documents in these 

formats are very easy to edit, copy, keyword search, and distribute across the world via 

email or any electronic media by use of computers. In contrast, the natural way of 

preparing documents is written by hand using a piece of paper,  which is a very convenient 

and fast method. With this, it is very difficult to perform the above operations, which are 

done easily by digital documents.  

In such type of situation, when someone likes Boss, Client, etc. gave hardcopy documents 

that need to update or converting into editable text, then in the first approach, it is required 

to retyping the whole document and also typo correction is needed. In the second approach, 

convert the document automatically into an editable form. The first approach unnecessary 

spending a lot of time in typing documents and it also increases the cost of human labor. 

While in another approach, documents are already available in digital form, which saves 

time and human efforts.  

Even at the stage of digitization, peoples are not preferred computer software to generate 

regional language documents, because it is very difficult with a standard keyboard and it is 

also required key mapping between English language scripts and regional language script. 
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Sometimes, two or more keyboard keys are required to type a single character of a regional 

language. So still, paper and pen is a more convenient method of document preparation.  

The Human being has God gifted optical device (eyes), which is also facing difficulty in 

interpreting some cursive type of writing, in writing style variation, similar appeared 

characters, and noisy characters. Hence, automated handwritten character recognition is 

still an open and challenging task. 

The advances in character recognition were limited to the extraction of English language 

characters for both digital and handwritten. The character recognition of Indian languages 

can help authors, novelist, and many people to recognize the Indian characters and even to 

extract old heritage documents. In general, the research work is just a negligible for 

handwritten character recognition for Indian languages and in particular for the Gujarati 

language. In Gujarat State, all Government agency documents are written in Gujarati 

language. The software is available for printed Gujarati Optical Character Recognition 

(OCR), but the recognition of handwritten characters is still changing exertion. 

1.2 Basic of Optical Character Recognition 

 

FIGURE 1. 1 Types of Optical Character Recognition 

Optical Character Recognition (OCR) is the core area of pattern recognition, the main task 

of an OCR system is to translate the scanned printed text or handwritten text images into a 
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digitally readable format, which interprets the text written in the image and convert into a 

computer processable format. The literature review indicates that there are many 

researchers involved in OCR for different languages, such type of work is broadly 

classified as shown in figure 1.1.  

1.2.1 Printed Character Recognition 

The Printed character recognition system is identifying characters from the type of 

documents that are already generated software tools and prior scanning is required for 

recognizing purpose. The recognition accuracy mainly depends on paper quality, types of 

ink, noise during the acquisition of the image, etc., such a system mostly used for 

recognition of newspaper articles, magazines, books, etc.  

1.2.2 Handwritten character Recognition 

The handwritten character recognition system is identifying the text from the document, 

which is written by a human, not by machine. The main challenge with this type of system 

is that the same character written by different people is not identical. There is too much 

variation in size, shape, and style of characters. So, the accuracy obtained by the 

handwritten character recognition system is less as compared to printed character 

recognition system and it mainly provides a solution for automatic reading of bank cheque, 

postal address, customer data entry form, automatic marks entry from answer sheet, etc.. It 

is also separated into two subparts: 1) online handwritten character recognition and 2) 

offline handwritten character recognition [1]. 

 Online character recognition 

In online, the recent information is given to the system and at the same time, the 

recognition is carried out for that written character or word. Fundamentally, the 

handwriting is recognized by string coordinates of a stylus pen, which written through a 

pressure-sensitive touchpad [2].  

Offline character recognition 

In offline, one has to write on a piece of paper first, then that paper is converted into digital 

format via digital camera or scanner, and after that scanned document is recognized by the 

computer system [2].  
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1.3 Overview of OCR 

Nowadays, in the development environment, a variety of applications demanded an optical 

character recognition system. For example, in the case of a safety issue for storage of old 

historical documents is solved using OCR. These documents become editable and the life 

of documents is also increased by saving in digital format.  

1.3.1 Methodologies of the OCR  

Figure 1.2 shows the general procedure for Optical character recognition, that includes five 

basic steps [3]: 

[1] Pre-processing 

[2] Segmentation 

[3] Representation 

[4] Training and Recognition 

[5] Post-Processing 

 

FIGURE 1. 2 Basic Block Diagram of OCR System 
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Depending upon the application, some steps are omitted, and also, sometimes they are 

merged. To update each step output the feedback mechanism is also used.   

1.3.1.1 Pre-processing 

The collected raw data needs some groundwork to use them in the next successive stage 

for character analysis. So, the preprocessing is required on the input image before feature 

extraction has been performed on it. The main intend of the preprocessing step is to create 

clean images that increase the overall accuracy of the OCR system [3]. 

The main objectives of pre-processing are: 

1) Reduction of Noise 

2) Binarization 

3) Normalization  

To attain the above goal, the following techniques are incorporated in the preprocessing 

step. 

1) Reduction of Noise 

Noise in the digital document is mainly depending upon the optical device quality and the 

writing instrument. The scanned documents are mostly suffering from the noise like 

discontinuities in line segments, separation in line, filled loops, etc.. To remove these 

limitations a lot of methods are available, which are mostly distinguished into three main 

groups. 

Filtering: 

There are various spatial domain and frequency domain filters available for removing 

visual noise. The filtering operation is applied to the image using some predefined mask by 

a convolution operation. These filters are used for smoothing, sharpening, thresholding of 

an image.   

Morphological Operations: 

Within Morphological operations, the pixel values of the image are replaced by logical 

convolutional operation performed using a filter. For a broken line connection, a variety of 

morphological functions are designed and also, they can be applied for 
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smoothing contours, decompose attached lines, reduce huge points, thinning, 

skeletonization of characters, and removed the boundaries. Consequently, the 

morphological functions would be effectively applied to remove the noise from the image 

because the low-quality image of the character decreases the overall recognition rate of the 

system. 

Noise Modeling: 

It is very easy to remove noise from the image if the prior knowledge of the noise model is 

available. The noise models are analyzed by PSF (points spreading functions) and using 

MTF (Modulation Transfer Functions). For designing and characterization, PDF 

(Probability density function) and histogram methods are used. The Gaussian Noise 

Model, Fractal Noise, Salt and Pepper Noise, Periodic Noise, Quantization noise, Speckle 

Noise, Poisson Noise, etc. are mostly used for noise modeling.   

2) Binarization 

In the Image binarization process, the grayscale image has been converted into a black and 

white image, in this way the image can be compressed and 256 shaded grayscale image is 

reduced into only two scale image and it is usually called as a binary image. The white 

pixel is symbolized by value ‘1’ and value ‘0’ is assigned to the black pixel. The very 

easiest way of performing binarization is thresholding. The thresholding is also used for 

converting images in more than two levels. Binarization is mostly performed when it is 

required to extract some specific objects from the whole image. Sometimes it is also 

considered as a segmentation task.  

3) Normalization 

Normalization methods are used for obtaining a standardized dataset and eliminating the 

character variation. The following are the fundamental techniques used for normalization. 

i. Normalization of skew 

ii. Normalization of slant 

iii. Normalization of size 

The skew and slant normalization techniques are used in handwritten text recognition, it is 

not typically used in the main code of optical character recognition. 
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Normalization of skew: 

Due to the imperfection in the process of image acquisition, some characters may be tilted 

or bent within the documents. This can become a trouble for later stages of recognition, so 

they must be identified and corrected [4]. In Gujarati language, consider the particular case 

of the characters ‘pa’ and ‘ya’, if these characters slightly changed in skew, both characters 

look similar.  

Normalization of slant: 

The slant is measured as a slope between the character’s mean direction and the vertical 

axis. To convert all characters in standard form, the slant normalization is required during 

the preprocessing stage. The most widely used general technique for slant calculation is the 

computation of the average angle for near-vertical components [4], which can be used for 

the calculation of chain code for each pair. The starting and ending points of chain code 

provide a slant angle that is represented by one-dimensional pairs.    

Normalization of size: 

The size normalization means the size of all characters is regulated at some fixed size. For 

that horizontal and vertical size normalization may be applied up to some certain standard 

in OCR.  

1.3.1.2 Segmentation 

The preprocessing gives the neat, cleaned, and low noise documents to the segmentation 

stage where documents are partitioned into its subcomponents. For generating a database, 

the segmentation is a very important stage where each handwritten document is first 

separated into line and from lines to individual characters are isolated [3]. The overall 

recognition rate is directly affected by the segmentation accuracy or how the characters are 

segmented. 

The following are types of segmentation: 

Region-based segmentation: 

In this type of segmentation using some common properties, the regions are identified. The 

mainly two types of algorithms are used. The first one is the merging algorithm in that 

neighboring regions are compared. if they are close enough in some properties than 
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merging is applied to them and considered as a single segment. The second one is the 

splitting algorithm, which is applied to the most nonuniform region, and depending on 

some properties, it broke down that nonuniform region into small regions. 

Data clustering: 

The mathematical models are used for clustering analysis. In this process, the groups are 

formed for similar kinds of data, which has very small variations between data within a 

group. These groups are also identified as “customer archetypes” or “personas”. The k-

means cluster analysis is a very popular method for data clustering. 

Edge-based segmentation 

Different types of filters are applied to the image in edge-based segmentation and the 

output is used to distinguish the edge and non-edge parts. There are a large number of 

filters available for finding the edge components in an image, mostly these filters highlight 

that location as edges where disruption of gray levels, discontinuities in colors, or textures 

are presented.  

1.3.1.3 Feature Extraction 

The recognition accuracy of any system is mainly dependent upon the feature extraction 

stage, in which the image is processed and converted into a one-dimensional array. The 

features are the attributes of characters, those are used to discriminate particular character 

from other characters. Each character is represented by its feature vector and this vector is 

responsible for that character identity. Using this approach, the speed of the recognition 

also increases because of the examination of fewer attributes of the characters. So, only 

feature vectors are going into the classification stage for training the model and testing 

purpose.  

Mainly used feature extraction techniques are described as follows: 

Statistical feature extraction: 

The statistical properties of the forefront in the image are used as features and they can be 

particularly extracted from a whole image or a specific zone. The computing speed of these 

types of features is high and also less complex irrespective of variation in style up to some 
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levels. The statistical features are area, centroid, moments, projection, Euler number, 

number of directions, etc. of character regions. 

Structural feature extraction: 

The structural features of any type of pattern illustrate structure or commonly known as the 

shape of the foreground image. The character’s topological and geometric properties are 

extracted and these properties are used as features. This method expresses the features like 

the number of lines in shape, that describes the type of lines like horizontal, vertical, 

slanting. It also includes several crossing points, starting points, ending points, chain 

codes, etc.. These features are mostly translation and rotation invariant. This kind of 

depiction might also instruct little knowledge regarding the formation of the pattern or 

might provide a little information as to what sort of elements are required to generate a 

particular pattern. 

Global Transformation and Series Expansion Features:  

Sometime, several details of the image may not be predicted in the spatial domain, which 

can be highlighted using the transfer domain approach and this highlighted information is 

used as features. The additional opportunities are usually provided by the representation of 

an image into other transform domains, which may be time or frequency domain. The 

signals are represented by a linear mixture of series of functions. Some popular method for 

these type feature extractions are illustrated as follows: 

Fourier Transform:  

The Fourier transform is a representation of any signal into sine and cosine terms. It is also 

a very important tool for image processing to describe the image in other domains. So 

using the Fourier transform the spatial domain image pixel values are represented in the 

frequency domain, where each pixel value of an image is a representation of a particular 

frequency. The Fourier Transform is extensively applied in image processing for image 

enhancement, restoration of image, encoding/decoding of image, description of the image, 

compression, etc. 

Gabor Transform:  

The Gabor transform is a variation of the windowed Fourier Transform. The Gaussian 

function is used as a window in this transform. This transformation maps a signal into a 
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two-dimensional function of time and frequency. The drawback of this method is that the 

window size remains fixed for all frequencies. By varying the width and the angle of 

orientation of the Gaussian function, Gabor function can be generated. The width variation 

helps to extract the edges of varying thicknesses and the orientation angle helps to extract 

the edges in a particular direction from the image. 

Wavelet Transform:   

The wavelet transform is a Multi-Resolution analysis. It provides more flexibility than the 

Gabor transform, where one can vary the window size of the wavelet to get a better time 

and frequency information. The signal can be represented at different levels of resolution. 

A signal can be analyzed in different scales wherein large scales (low resolution) deal with 

global information while small scales (high resolution) deal with detailed information. For 

image processing, a two-dimensional wavelet is used in OCR application, where each type 

of resolution can be handled. The approximation coefficients and the detail coefficients of 

different scale images can be used as features.  

Walsh-Hadamard Transform:  

This transformation is based on arithmetic computation that requires addition and 

subtraction calculation. So it mostly used where high-speed calculation is required. The 

main disadvantage of this transformation in OCR is highly dependent upon the 

arrangement of the characters likes its position, orientation, etc. 

Karhunen-Loeve Transform:  

It is also called Principal Component Analysis (PCA) or Hotelling transform. It is based on 

an Eigenvector analysis where the feature dimensions are reduced by generating new 

feature space using a linear combination of the old features. The small uncorrelated 

number of variables are known as principal components, generated from highly correlated 

variables. The first element is holding a large amount of the changeability of the data as 

much as possible. The mean and the covariance matrix are computed from the sample data. 

The Eigenvectors for the covariance matrix belonging to the largest Eigenvalues give the 

large variations in the data. Therefore projection of the data on the first few Eigenvectors 

can be used as features. 
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Hough Transform:  

It is a global edge linking technique applied to identify the lines and curves of the 

characters. They are not sensitive to noise, broken lines, etc., and hence are used 

extensively for Chinese character recognition, global skew detection, text baseline 

detection, etc. Modified Hough transforms used by some researchers wherein the 

neighboring pixels are inspected using templates to determine the most likely straight-line 

direction and tolerance for angle variation. 

Moments:  

The moment represents the image in monomial form and tries hard to make the process for 

recognition of an object in an image independent of size, orientation, and rotation. There 

are non-orthogonal moments like geometric moments, central moments, complex 

moments, etc. These moments give a quantitative measure of the object such as mean, 

variance, skewness, etc. and hence they describe the nature of the distribution of the object 

in the image. As they are non-orthogonal, the reconstruction of the original image is 

difficult. There are also some orthogonal moments like Zernike moments, Legendre 

moments, etc., which are used as features for character recognition. 

1.3.1.4 Classification 

A class is defined as “the particular class contributes the sample images with similar kind 

of properties and extensively unlike to other classes”. Classification is a technique, which 

assigned a specific class to an unknown pattern based on its features, for that training 

classification model is obtained by knowing patterns features. The patterns with its class 

labels are given to the classifier to learn the model and based on learning when the 

unknown pattern will come, the model assigns a label of a particular class to that pattern 

depending upon its understanding.  The following list shows the general approaches for 

classification techniques. 

1) Template matching 

2) Nearest Neighbor Classifier 

3) Neural Networks 

4) Multiple Classifiers 

5) Multistage Multiple Classifiers 



Overview of OCR 

12 
 

Template matching: 

Template matching is the most generally used approach and natural way of classification. 

In the template matching method, directly image pixels are used as features, and pixel to 

pixel matching is performed for classification. Commonly two types of approaches are 

used :  

(1) Maximum correlation approach: the test image pixel values are correlated with the 

same pixels of the image in the training template. The class label is assigned to the 

test image depending on the maximum similarity with the trained template image 

class.  

(2) Maximum error approach: The maximum dissimilarity between the testing and 

training image template is considered. The template matching method is suitable 

for the images, which are free from size, rotation, and orientation. 

Nearest Neighbor Classifier: 

The nearest neighbor is a very simple and basic classification technique. In this approach, 

the feature set of a known pattern is stored with its label.  When the new pattern will arrive 

for classification, the feature vector is extracted using the same feature extraction method, 

then the distance is measured with each stored pattern. The label is assigned to an unknown 

pattern based on the most closet distance with the stored feature set. The new version of 

the nearest neighbor classifier is K-nearest neighbor (KNN), in this approach k closest 

distance patterns are calculated and from that maximum voted class by those patterns is 

assigned to the unknown pattern. If the value of k=3 is taken and the first 3 outcomes are 

class 1, class 2, and class 2 respectively, then class 2 is selected as a result of the maximum 

voting approach. The distance can be computed by different methods like Euclidean 

distance, city-block distance, cosine distance, Hamming distance, etc.  

Neural Networks: 

A neural network is an extremely parallel distributed processor that can store experiment 

knowledge and can make predictions using it. The network can learn how to solve 

problems based on data given for training. For character recognition, the backpropagation 

algorithm based multilayer perceptron training model is a popular approach. The weights 

of each input are adjusted based on error generated by the neural network and try to 

minimize that error in subsequent samples. Initially the synaptic weights of input layers are 
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selected and given to the training model.  The model is trained by generating an output 

vector, compare it with the desired output and generation of error vector. The weights are 

adjusted depending upon the error vector. So next time the model generates a similar 

output vector as desired. Recently, automatic feature extraction based Deep Neural 

Network is a very popular method used for OCR.  

Multiple classifiers: 

Many OCR methods handled the problem of a very large number of classes with very 

noisy input images. For this type of situation, a single feature set and a single classifier 

method are inefficient to achieve desired outcomes. Many classifiers and different feature 

extraction methods are complement to each other. So, the performance of the system can 

be increased by a combination of classifiers. The combined decision of a combination of 

classifier increases the strength of classification and reducing the weakness of a single 

classification. In some approaches like maximum detection and the majority voting is used 

to take the decision outcome.  

Multistage Multiple Classifiers: 

Nowadays, the multistage classifiers are also used for the reduction of class sets and 

reordering of class sets. The first stage classifier aims to reduce the number of class sets, 

which also includes the correct class and the second one is used to reorder the best rank 

closer to the desired class. This way a large number of classes can be reduced at each stage 

and classifiers are working in subgroups of classes, which increasing the accuracy of the 

classifier and reducing the time of classification.   

1.3.3.5 Post-Processing 

While pre-processing endeavors to clean the image in a specific sense, it might kill 

essential data, since the required data are not generated at that point. The required data may 

be deleted at the preprocessing or segmentation stage. The post-processing step reduces the 

number of errors in the outcome of OCR. Post-processing corrects one sentence at the time 

[3]. OCR output is modified by a small amount of editing operations including: 

 Insertion of a single character 

 Deletion of a single character 

 Substitution of single character  
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 Substitution of multiple characters ( cd → da ) 

 Splitting of word, merging of words 

In post-processing, for a particular language, it is possible to replace the output sequence of 

the OCR system by a new sequence, which is graphically similar to the original sequence. 

1.4 Advantages of OCR 

 Especially in regional languages, there are lots of documents present in the world 

which cannot be accessible in a computer understandable format.  

 There is no visualization of Computer vision and Robotics devoid of OCR. 

 The OCR system is very much useful for Blind Persons. 

 The OCR system converts the scanned documents into a digitized document, which 

is capable of searching text within a file. The modification of a document is also 

possible with OCR 

 The OCR system is decreasing the time for the retyping of documents and 

obtaining relevant information. Through this, also the life of documents is 

increased by saving them into a database. 

1.5 Basic Applications of OCR 

Banking: 

The employments of OCR fluctuate crosswise over various zones. One comprehensively 

most useful purpose is in the banking sector, where the OCR system is used for reading an 

amount from the cheques without the involvement of humans. The register could be 

embedded with a machine that worked on written work carried in it. The machine is 

filtered and checked an appropriate amount for the exchange of cash done properly or not. 

This innovation is mostly possible with printed information cheques and also similarly 

precise for transcribed cheques. Also, However, it requires manual affirmation. In general, 

this OCR system reduced work and time in numerous banks. 

Healthcare: 

The main purpose of OCR  in health care is the patient record management in which 

patient’s medical tests, laboratory reports, and additional documents related to patients are 

kept. All printed or handwritten documents are converted into digital files and linked 
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together to generate digital health records. It is also useful for health insurance providers 

and pharmacists. 

Digital Library: 

The eBooks reading is promising only because of the OCR system. The huge amount of 

books is converted into computer-readable format and the extraction of relevant 

information is possible for online viewing through the internet. 

Robotics and Computer vision: 

The OCR modules permit robots to understand printed or handwritten text and also it a 

necessary application in some machine vision functions. It makes robots capable of 

handling the identification of the item by reading a printed text on objects. The robots are 

used for the recognition of products on a shelve in a retail application.  

Document identification: 

The OCR system is capable of converting different types of documents, which may be 

scanned paper in image format or PDF. Nowadays, a lot of research is going on to develop 

an OCR system for different languages. 

Automatic Number Plate detection: 

OCR is also used to detect the number plate of different vehicles, which is useful for the 

traffic management system. 

1.6 Objective 

 To develop an algorithm for the handwritten Gujarati OCR features to recognize 

numerals and Character.  

 To design “an Optical Character Recognition system for handwritten Gujarati 

Numerals”.  

 To design an “an Optical Character Recognition system for handwritten Gujarati 

Characters”  

 To design “an Optical Character Recognition model for combined handwritten 

Gujarati Numerals and Characters”.  
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1.7 Scope of work  

 The research work is useful for the automatic detection of the amount written in 

Gujarati on bank cheques, marks written on the answer sheet, and in Gujarati 

numeral and characters learning application. 

 Handwritten text to speech conversation  

 The implemented algorithms can be used for recognition of the Gujarati text with 

the modifier. 

1.8 Original contribution by the thesis 

 Developed different feature extraction methods along with the creation of a 

database for Gujarati Handwritten numerals and characters. 

 Three different classification methods: K-nearest neighbor (KNN),  Support Vector 

Machine (SVM), and Deep learning are used for recognition. 

 Hybrid feature methods are used with the above listed three classification methods. 

 The transfer learning approach of Deep learning is used for better accuracy. 

 Three applications are developed:  

 Gujarati handwritten numeral to speech conversion 

 Gujarati handwritten character to speech conversion 

 Automatic handwritten marks Recognition.  

1.9 Organization of Thesis 

The rest of the thesis is organized as follows: 

Chapter 2 presents a literature review on earlier research work take out in the field of 

Character Recognition. It represents the different feature extraction and classification 

methods used for different foreign and Indian languages comprised of journal papers, 

conference papers, and other web resources. 

Chapter 3 describes the database creation procedure. A total of 15000 samples of Gujarati 

Numerals and characters was created by different age group peoples for research work. 
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The preprocessing techniques and automatic database generation methods are described in 

detail. 

Chapter 4 discusses different feature extraction methods for performing OCR tasks. The 

detailed analysis of seven different feature extraction methods such as pixel count ratio, 

object geometry, object gradient, character profile, LBP, CSLBP, and wavelet transform is 

presented. 

Chapter 5 and Chapter 6 describe KNN and SVM classifiers respectively. Also, it presents 

a classification experiment on all feature extraction methods and their results in terms of 

accuracy, precision, recall, and F1score.  

Chapter 7 introduces a deep learning method for the recognition of characters. It discusses 

CNN architectures and modified pre-trained model architectures with its accuracy of the 

Gujarati database. 

Chapter 8 shows some implemented application as an outcome of this research work.  

Chapter 9 finally discusses the conclusions and future directions of work carried out in this 

thesis. 
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Chapter 2 

Literature Survey 

2.1 Introduction  

Writing that has been the foremost natural approach of aggregation, storing, and causation 

data through decades, currently not only used for just communication among humans 

however conjointly aims to serve for communication between humans and machines. The 

character recognition system evolves through generations with the final goal of creating a 

machine reads the text with an equivalent fluency as that of humans. The overall 

framework for character recognition involves tasks like converting the handwritten 

document into digital format, preprocessing, and segmentation, an illustration of character 

pattern, feature extraction, feature reduction, and classification. The steps needed to rely 

upon the techniques incorporated within the recognition. 

Automation of handwritten character recognition may be a complicated problem and 

therefore the complexes will increase manifold after that need to create a dependency-free 

system. Development of the code that's capable of recognizing the characters with 100% 

accuracy for any user handwriting style, size, font, direction, with reedy background, etc.. 

Most of the Character Recognition System works to target specific language(s) for specific 

applications and/or writing methodology. 

Numerous researchers have worked within the zone of handwriting character recognition, 

and diverse techniques and models are developed to acknowledge written text for online 

and offline. One will trace intensive work for English and Arabic script, whereas analysis 
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for written character recognition has progressed in distinguishing handwritten characters 

for several Indian scripts like Devnagari, Hindi, Marathi, Gujarati, Tamil, Kannada, 

Telugu, Gurumukhi. 

From literature, it has been determined that thanks to non-handiness benchmark 

information of written phrases, experiments are performed on numerous large choice of 

samples. Only a few experiments were allotted on giant databases. Several researchers are 

wondering a holistic approach for word name, during which dataset is restrained. It may be 

all over the development of the handwritten OCR system depends on the quality of 

samples. So it is the most troublesome and fascinating mission for researchers to develop 

an error-free OCR system. 

This literature survey is targeted on offline handwritten character recognition for different 

languages. Analysis is carried out to deliver the existing repute with the aid of discussing 

essential individual recognition methodologies to advances over instances. Every year, the 

wide number of papers posted on character recognition, it is not possible to consist of all 

works on this survey. Rather, it is trying to include a representative selection to 

demonstrate the works starting from older classic papers from the nineteen seventies to the 

foremost relevant papers currently published up to the year 2019. 

2.2 Literature Survey on different languages 

2.2.1 English Script 

A. Dutta [5] in 1974 developed the handwritten English character recognition techniques 

for online and offline systems. The system is itself corrects the inclination of words and 

after that the word was segmented. The segmented character had been converted into a 

specific density distribution format, which consists grid of 47 squares in Y-direction and 

500 squares in X-direction. Using simply correlation method the letter was recognized. In 

1986, C. C. Tappert [6] developed an adaptive system for character recognition, in which 

stokes of characters were used for identification. At each new stoke, the character was 

recognized and finally using the cumulative distance score of each character in the word, 

the whole word was identified. Tappert got 98.4 % accuracy for shape identification. J. A 

Starzyk et al.[7] used feedforward Neural networks for classification purposes. Two 

different feature extraction approaches, hypercube and distance field were used on 4600 
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characters in which 2600 characters were used for training and 2000 used for testing and 

achieved 89% and 87% accuracy for both approaches respectively.    

Gary, M.T. Man, et al. [8] used a fuzzy attribute graph approach for handwritten English 

Numeral recognition. In this approach first handwritten scanned digits were converted into 

binary, then using thinning operation, the binary image was reduced into a skeleton. After 

extracting the dominant point from the skeleton of the characters, the fuzzy was used for a 

measure of curvature and orientation, then the fuzzy attribute graph and graph matching 

was used for identification numerals with 93% accuracy. The continuous distance 

transformation (CDT) method was used by Joaquim Arlandis et al. [9] as a feature 

extraction method for NIST database classification. CDT was used for binary images as 

well as grayscale and color images. For testing purpose 16X16, 22X22, and 26X26 

resolution was used and got high recognition accuracy for upper case, lower case and digits 

compare to Euclidean distance measurements. Rui Zhang et al. [10] used the NIST 

database for the experiment using the Orthogonal Gaussian Mixture Model and maximum 

likelihood estimation and achieved 97.89% accuracy. This model was also efficient for 

another type of character database. 

Emilie P. et al. [11] implemented two Convolutional Neural Networks for character 

recognition, one was TDNN (Time Delay Neural Network) which is used for online 

handwritten character recognition, and second, was SDNN (Space Displacement Neural 

Network) used for offline character recognition. The architecture achieved good accuracy 

for Unipen and IRONOFF database. Matthias Zimmermann et al. [12] had designed a 

combined method for recognizing offline handwritten sentences based on Hidden Markov 

Model (HMM) and a sentence structure analysis part that comprised parsing of English 

sentences using a large disclosure SCFG, which increase the performance grammatically 

and it was useful for an understanding of the text and retrieval for semantic information.  

Salvador et al. [13] had developed a model for identification of offline unconstrained 

handwritten text using a combination of Hidden Markov Model (HMM) and Artificial 

Neural Network (ANN) model. Before the feature extraction, slope and slant of the text 

were removed and text line image areas were detected like ascenders, descenders, and 

main body part. Furthermore, the upper and the lower baselines were detected as reference 

baselines using the MLP algorithm and ANN while training and testing were performed 

using the HMM model which achieved improving WER (Word Error Rate) compare to 
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other methods. Abdeljalil Gattal [14] proposed the segmentation technique for connecting 

handwritten digits based on statistical analysis using a sliding window to look out potential 

cut points and fuzzy integrals, which were recognized by multiclass SVM.  

Pritam Dhande et al. [15] had worked on cursive handwritten English characters in which 

vertical and horizontal projection methods were used for segmentation and Convex hull 

was selected as a feature extraction method for the CCC database and the SVM was used 

as a classifier. Bhagyasree P V et al. [16] introduced a new deep learning method based on 

a convolutional neural network, which was named DAG-CNN (Directed Acyclic Graph - 

Convolutional Neural Network) for cursive character recognition. In Traditional CNN 

architecture, the output of the last layer plays a significant role in the final classification of 

character and if it was applied deeper than accuracy was decreased while in the DAG-CNN 

network, the output of each layer in CNN architecture directly fed to the final layer for 

classification. It increases the performance of classification. Jianfeng Wang et al. [17] 

introduced a new Gated Recurrent Convolutional Neural Network (GRCNN). To balance 

the recurrent and feed-forward information, gate control was introduced in the recurrent 

layer. Bidirectional Long Short Term Memory (BLSTM) was combined with GRCNN to 

recognize the text from the traditional natural images. The proposed architecture consists 

only of two simple convolution layers with 64 filters at the starting point and with 512 

filters with ending points, three gated recurrent convolution layers with 64, 128 and 256 

filters, and three maximum pooling layers which achieved 98.8 % accuracy for IC03-50 

dataset.  

2.2.2 Chinese Script 

Jun Feng et al. [18] pointed out the recognition of similar Chinese Characters for which 

wavelet transform with elastic matching algorithm was used as a feature extractor. The 

fuzzy pairwise SVM, DAG (directed acyclic graph), and maximum voting were used for 

classification, which gives 96.68% accuracy for similar character recognition. Jia Zeng et 

al. [19] proposed Markov random fields (MRFs) based on statistical-structural character 

modeling, which reflects stoke relationships of characters based on prior knowledge 

statistically signified by the neighborhood structure and clique potentials. The model was 

tested on the KAIST, Hanja1, and Hanja2 databases and achieved 98.93%, 98.21 %, and 

84.95 %   respectively.   
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Ning Wang [20] proposed a new method of handwritten Chinese character recognition 

where the image of the character was divided into 10 sections by 10 equal-interval 

concentric circles. The four segmentation modes had been formed using the combination 

of 10 different-radius circles. In each section, the pixel distribution probability of strokes 

of the character was determined. So this method was invariant to zoom, shift, inclination, 

and rotation. The experiment was performed on 100 handwritten Chinese characters and 

achieved 90.53% accuracy. Tingting He et al. [21] presented a method for orientation 

estimation for rotated Chinese characters known as a character-structure-guided approach. 

Using this approach the distorted original character image was transformed into a normal 

position which increasing recognizing accuracy. This method was tested on Nakayosi and 

Kuchibue Japanese character databases and achieved 99.13%  accuracy. K.C. Leung et al. 

[22] proposed the artificial technique to develop a huge amount of database from existing 

samples of the database by introducing a distortion model and achieved a high recognition 

rate of 99.46% for the ETL-9B database.  

Lei Huang et al. [23] proposes a method for dimensionality reduction using a combination 

of geodesic paths and non-parametrical dimensionality reduction which speed up the 

algorithm. This technique increases the Chinese character recognition rate by 1.5 %.  

Linear Discriminant Analysis (LDA) is the most common feature dimensional reduction 

technique used in character recognition methods. Xue Gao et al. [24] used LDA 

transformation with gradient features and generates two-directional features called 

2DLDA. An experiment was done for 15 groups from HCL2000 of similar kind and 

achieved 93.49% accuracy. For human-computer interaction, it is a very convenient way 

in-air handwriting.  Xiwen Qu et al. [25] proposed the method for in-air handwriting and 

that method also applied for traditional Chinese handwritten character recognition using 

adaptive discriminative locality alignment (ADLA) technique, which does not involve the 

parameter optimization process which received good accuracy rate. 

Nowadays handwritten character recognition using deep learning methods received a great 

achievement. Yanwei Wang et al. [26] had proposed an MQDF-CNN (modified quadratic 

discriminant function) hybrid model for offline handwritten Chinese character recognition. 

The MQDF was a feature extraction technique which satisfies the Gaussian distribution.  

Linear assurance accumulation and multiplication assurance principles were used for a 

combination of outputs of MQDF and CNN. The model was tested on CASIA-HWDB1.1 

and ICDAR2013 offline handwritten Chinese character recognition competition dataset 
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and achieves the test accuracy of 92.03% and 94.44% respectively. Xu-Yao Zhang et al. 

[27] proposed the Recurrent Neural Network (RNN) for recognition and also for the 

generation of Chinese characters. The proposed RNN was different than the traditional 

CNN architecture which required characters in the form of an image while RNN deal with 

sequential structure. The RNN architecture was designed using long short term memory 

(LSTM) and gated recurrent unit (GRU), which achieved 98.15 % accuracy for the 

ICDAR-2013 competition database. This model received great success in the construction 

of the human-readable Chinese characters. 

Weike Luo et al. [28] had used GoogleNet similar architecture which provides the global 

features of character with a combination of redial region network architecture, which 

shows the information of the radial region from left, right, top and bottom and providing 

local features of the characters. So using both features at learning time, the proposed 

method received 97.42%  accuracy for ICDAR 2013 offline HCCR competition database. 

2.2.3 Hindi Script    

Hindi is the national language of India. Originally it is written by Devanagari script. 

Brajesh K. Verma et al. [29] proposed a method for automatic handwritten Hindi character 

recognition using two different approaches: one was using MultiLayer Perceptron (MLP) 

networks and the second was Radial Basis Function (RBF). Structural features like curves, 

horizontal and vertical lines, dots, loops, etc. were extracted as features. The MLP network 

was trained by the error of the backpropagation algorithm. The experimentation was done 

on both direct character binarized image of size 32X32 as input and features were given as 

inputs in both networks. The samples for the experiment were created by 245 samples 

using 5 writers. RBF model achieved 70% accuracy of direct images while 66.6% of 

accuracy for features of images and the MLP model received 85% and 70 % testing 

accuracy respectively. MLP required longer training time compared to the RBF model. 

Yousef B. Mahdy et al. [30] developed a model for handwritten Hindi numeral 

identification using a contour following based algorithm, in which radial distance was 

measured from the gravity center and counter features were calculated using chain code 

direction. For supervised classification, the mapping of the nearest neighborhood toward a 

multilayer feedforward neural network was performed. The model accuracy was tested 

about 300 samples of Numerals and achieved 98.1% testing accuracy. The model is 

invariant of size, direction, and orientation of handwritten numerals.  
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M. Hanmandlu et al. [31] had shown the box approach to find the distance features for 

handwritten Hindi numerals, which were used to derive the membership function of the 

fuzzy system. To extract the features the skeleton of the handwritten image was divided 

into 24 boxes and in each box normalized distance was calculated. If the box was not 

contained any sample than considering zero distance value in that box. This experiment 

was performed on 3500 handwritten numeral samples and achieved a 95% overall 

recognition rate. The foraging model of E.coli bacteria [32] was used for optimization in 

the fuzzy-based model using two different window sizes for different numerals and 

received a 96% recognition rate. Mohammad Said El-Bashir et al. [33] used the PCA 

technique for handwritten Hindi numeral recognition. The experiment was done on first 

Norm, second Norm, ENorm, and EEuclidean. The last two norms were derived from the 

first and second norm. The model was tested for 48 samples using 8 fold validation and 

achieved accuracies 93.5% for the first Norm,95% for second, 94.79% for ENorm, and 

EEuclidean. Mustafa Ali Abuzaraida et al. [34] developed the online system for Hindi 

digits recognition that could be used in touch screen devices. To develop the database the 

touch screen instrument was used by 50 different writers and written digits were passed 

from some preprocessing tasks like size normalization, smoothing, and simplification. The 

Freeman chain code was used for feature extraction, Global Alignment Matching algorithm 

was used for recognition and the 96% recognition rate was achieved. 

Dayashankar Singh et al. [35]  uses a gradient-based feature extraction method and  Radial 

Basis Function (RBF) neural network for Hindi character recognition. To extract the 

gradient features the character image was skeletonized and resized into 30 X30 matrixes, 

and then depending upon gradient values, eight different directional features were taken. 

RBF network of one input layer and one output layer was used to train the dataset. The 

performance of the model was tested using the RBF network and the backpropagation 

neural network achieved 90% and 92% accuracy respectively. Madhuri Yadav et al. [36] 

proposed an approach for handwritten characters using two different feature extraction 

methods. After performing the preprocessing task, the histogram of Oriented Gradients 

(HOG) features was extracted from the segmented image into 16 X 16 blocks, and 

horizontal and vertical gradient features were calculated using sobal operators. In the 

second feature extraction method left, right, top, and bottom projection profiles were used 

as features.  The accuracy was tested using different classifiers in which the Quadratic 

SVM  classifier was achieved the highest 96.6 % accuracy. Gyanendra K. Verma et al. [37] 
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proposed the algorithm based on curvelet transformation using the curvature properties of 

Hindi characters which is the addition of the wavelet transform. To find out the curvelet 

transform coefficient, the Fourier transform of character image was calculated and then 

divide the plain by polar wages. After that the inverse was computed. These features were 

classified using the KNN classifier, which gave 90% accuracy for 200 sample images.  

Karishma Verma et al. [38] used a Convolutional Neural Network for Hindi character 

recognition. Two different CNN models were implemented, the first one consists of two 

convolutional layers of filter size 5X5, one polling layer, and two fully connected layers 

while the second model consists of two different filter sizes in the convolutional layer and 

the rest of the layers were same. The paper also discussed the minimum batch accuracy for 

iterations of each model and achieved 99.9 % accuracy for 20,000 iterations. The other 

CNN architecture was proposed by  Madhuri Yadav et al. [39] were a total of 9 layers were 

used, in which three convolutional layers with no. of filters were 32, 48, and 64. After each 

convolution layer, there were maximum pooling layers and finally fully connected layers 

with 256 neurons were classified into 41 different classes. The input image size of the 

architecture was 32X32 that gave the 86.7 % accuracy without the extraction of any 

manual features.  

2.2.4 Marathi Script 

The Marathi language is spoken by the peoples lived in Maharashtra state of India, which 

is also written using the Devanagari script. Tulshiram B. Pisal et al. [40] proposed the 

method for Marathi Character recognition using probabilistic neural network (PNN) 

model. The segmented isolated characters were applied for feature extraction by four 

different methods. The first one is an estimation of direction density by calculating density 

in four directions: top, bottom, right, and left. The second feature was calculated by water 

reservoir techniques in four directions, then other features were obtained by hole-filling 

techniques and maximum profile distance, the recognition was tested using the PNN 

classifier. Ravindra S. Hegadi et al. [41] had worked on Marathi numeral recognition by a 

multilayer feedforward neural network. At the initial stage, the cubic interpolation method 

was used to resize the numeral image into the 7X5 matrix. These 35 values of the matrix 

were used as a feature vector and directly it was fed into the neural network. The 

experiment was done on 1000 numeral samples in which half samples were used for 

training and half used for testing and achieved 97% overall accuracy.  
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Sushama Shelke et al. [42] worked on compound character recognition for Marathi script 

using multistage feature extraction. In the first stage global and local structural type 

features were extracted, the position of the vertical bar used as a global feature, and the 

position of the endpoint used as local features. In second stage wavelet coefficients were 

used as features and modified wavelet kernel-based features were also extracted by 

applying convolution on wavelet coefficients. For testing purposes, 16000 samples were 

created in the database, and using a template matching technique, achieved 97.94 % 

accuracy using the modified wavelet kernel method. M. S. Bhandare [43] had shown the 

technique of database creation for compound Marathi handwritten characters using edge 

detection, morphological operation, and blobs analysis approach.    

Parshuram M. Kamble et al. [44] worked on rectangle histogram oriented gradient (R-

HOG) representation for feature extraction. Classification was performed using SVM and 

feedforward Artificial Neural Network for Marathi handwritten character recognition. The 

gradient features were extracted from the Sobel filter. The accuracy was tested about 8000 

samples and achieved 95.64% accuracy using SVM and 97.15% accuracy using FFANN. 

The statistical parameters [45] based features like orientation, centroid, perimeter, 

eccentricity, and area of characters were used to detect handwritten characters and 

achieved 94.38 % accuracy for 200 sample sets of each Marathi characters using the 

Neural Network classifier. With [46] same geometric features like area, Euler number of 

character, perimeter, and eccentricity were used as a feature set and the KNN classifier was 

used for recognition of characters. 31320 samples include consonants, vowels, and 

numerals were used for experimentation purposes and got 81.48% overall accuracy.  

Sushama Shelke et al. [47] implemented a real-time system for Marathi character 

recognition using Raspberry Pi and OpenCV Python. The system automatically detected 

the image by performing skew or slant correction & template matching for character 

recognition.  As a result, the system gives the outcome in the form of a text document as 

well as in speech signals.  

Surendra P. Ramteke et al. [48] had described a model based on the SVM classifier for 

Marathi character recognition.  During the preprocessing stage, using some morphological 

operation and segmentation, the characters were isolated from the text. The statistical 

distance profile feature had been extracted by the curvelet transformation and also gradient 

features were detected. These features were further reduced by the PCA method and for an 
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optimization purpose, the Adaptive Cuckoo Search (ACS) algorithm was used. The 49 

characters with 56100 samples for training and 9900 characters for testing were used for an 

experiment using SVM classifier and achieved 99.36%, 90%, 91%, 89.51%, 99.67%, and 

89.93% for character accuracy, sensitivity, precision, recall, specificity, and F-score 

respectively. Various feature extraction methods [49] used for character recognition were 

Statistical Features, Global Transformation Features, Geometrical and Topological 

Features. These features were optimized using the Sine Cosine algorithm (SCA), which is 

the population optimization technique.  The weighted one-against-rest support vector 

machines (WOAR-SVM) was used for classification and achieved 95.14% of overall 

accuracy. 

2.2.5 Tamil Script   

T. Paulpandian et al. [50] proposed a hierarchical neural network-based handwritten Tamil 

handwritten character recognition. For finding feature sets free from scale distortion and 

translation, the characters were centered on an image, and resized coordinates of edge 

pixels were taken as features. In recognition of 12 characters, the hierarchical neural 

network was consisting of 4 outputs modules in the first stage and 3 outputs in the second 

stage. The number of hidden layers was varying from 4 to 32. The resulting accuracy of 

this model was 94.4% compared with single neural network architecture with 72.2% 

accuracy. R. M. Suresh et al. [51] used a fuzzy-based system for the classification of 7 

different handwritten Tamil characters. For generating features, character images were 

converted into binary form, and then two different sets had been chosen based on lines and 

arcs in different 16 directions. Based on these feature sets, fuzzy membership functions 

were generated and tested about 250 samples for 7 characters and achieved success rate 

88% to 100% and also received 94% overall accuracy [52] by using stroke presented in 

character representation as a feature vector. The left, right, top, and bottom strokes of 

images were used for designing the membership functions.        

Deepu V. et al. [53] uses PCA for online Tamil character recognition. PCA with the 

clustering method was used with coordinates of character image pixels as a feature set and 

got 96.60% accuracy. J. Sutha et al. [54] used a Fourier descriptor for feature extraction 

and a multilayer perceptron using a single hidden layer backpropagation network for 

classification. 16- point Fourier descriptor was given to the input layer of the neural 

network and experimentation was done using a different number of nodes in hidden layer 
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such as 3, 5, 7, 10, 11, 15, etc. on 30 character datasets and got 97% accuracy using 15 

nodes in the hidden layer.   

U. Bhattacharya et al. [55] had proposed two stages of recognition architecture for the 

character. In the first stage of feature extraction, the character image was fitted into 7X7 

equal blocks and from each block, the number of transitions from black to white and from 

white to black was computed. So, a total of 98 features is calculated. The character classes 

were clustered based on this first stage feature set, it may be possible a particular class was 

grouped into the number of clusters. In the second stage, the chain code base histogram 

was used as a feature vector and it was used to recognize character within a cluster. The 

model achieved 74.65% and 69.48% recognition accuracies for database created by HP 

Lab in India using the MLP backpropagation neural network as a classifier. A. Subashini et 

al. [56] had investigated the method of local feature extraction for Tamil characters using 

the SIFT feature. The codebook was generated by the K-means clustering algorithm using 

SIFT descriptors. To reduce the convergence time of K-means clustering, primarily the 

Linde Buzo and Gray (LBG) algorithm were used to implement the codebook. The 

experiment was performed on 6000 training and 2000 testing images of 20 selected 

characters and achieved an 87% recognition rate using the k-Nearest Neighbor (k-NN) 

classifier. 

P. Banumathi et al. [57] used structural features of characters like height and width of the 

character, number of horizontal and vertical lines, horizontally and vertically oriented arcs, 

number of circles, number of slope lines, and the centroid of the image or region of an 

image. The characters were classified using Kohonen SOM techniques. Rituraj Kunwar et 

al. [58] used fractal coding classifiers and achieved a 90.4 % recognition rate for the 

IWFHR 2006 competition dataset. 

Umapada Pal et al. [59] had implemented an application for recognition of handwritten city 

name for postal automation. The database was created for 265 city names and achieved 

96.89 % accuracy. Kavitha B.R et al. [60] had used the CNN model from scratch for 

offline Tamil character recognition. In the CNN model, 5 convolution layers with 16 

filters, 16 filters with dropout, 32 filter, 32 filter with dropout and 64 filters, two maximum 

pooling layers, and two fully connected layers with 500 neurons and 200 neurons. The 

model achieved training accuracy of 95.16% and testing accuracy of 97.7% for character 

dataset developed by HP Labs India.  
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2.2.6 Malayalam Script  

G. Raju in 2006 [61] worked for recognition of handwritten Malayalam characters using a 

zero-crossing approach in wavelet transform. The sharp variation in the image can be 

detected by zero crossing of wavelet coefficients. The coefficient changes its value from 

positive to negative and from negative to positive and also they have zero value, which 

were used as feature set, the dp4 was used as a mother wavelet in feature extraction. In this 

way, the 25 characters were divided into 11 subgroups successfully. Renju John et. al. [62] 

proposed a new feature extraction method based on the project profile. To extract the 

projection profile features, a 1dimention wavelet transform was applied on character image 

and a vertical projection profile was used as a feature. The 4950 samples were used for 

training the MLP neural network for 33 characters and got 73.8% overall accuracy for 

testing of 1650 samples. 

Jomy John et al. [63] used a chain code histogram for Malayalam character features. After 

finding the character contour, both four directions and eight directions chain code was 

computed and obtained the normalized histogram from that code. These features ware fed 

into a two-stage neural network and achieved an average of 72.21% accuracy. Bindu S 

Moni et al. [64] proposed run-length coding for feature extraction in which the number of 

ones from left to right and from top to bottom was calculated in each block of the image. 

The statistical classifier based on quadratic discriminate function was used for classified 

15,000 samples of Malayalam characters and received 94.18% accuracy.  

Abdul Rahiman M et al. [65] used several horizontal and vertical lines in the character 

image as a feature. The image was scanned vertically and when the first black pixel was 

founded, the neighboring pixels were observed in a curved or slant line. In the same way 

the horizontal lines were counted. The decision tree was made up by using the position of 

horizontal and vertical lines and using this tree, the character was classified and got 91% 

accuracy of the given model. The wavelet-based feature extraction method is used by 

Primekumar K.P et al. [66] for a fuzzy-based classifier. Here two-stage feature extraction 

was applied, in the first stage six features like normalized coordinator, curvature, writing 

direction were calculated and the 24-dimensional feature vectors were generated from 6 

directional features by wavelet transform. The proposed work achieved 97.81 % accuracy 

by a simplified fuzzy ARTMAP classifier.  
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Topological based feature extraction method was introduced by K. Thushara et al. [67] like 

no. of loops, no. of arcs, no. of endpoints and no. of junctions in character image. The 

convolutional neural network-based model was proposed by Pranav P Nair et al. [68] using 

LeNET -5 structure where two convolution layers, two subsampling layers, and one fully 

connected layer used in its architecture. Samatha P Salim et al. [69] proposed a residual 

network, which was formed by two convolution layers and two ReLU layer blocks, and 

these blocks are repeated and also added to construct the full network.  

2.2.7 Gujarati Script 

Sameer Antani et al. [70] done pioneering work for printed Gujarati Character 

classification, the experimental work is performed on ten different characters taken from 

the internet sources. The moment-based feature and image pixel values were used as 

feature extraction set while KNN and minimum Hamming Distance are used for 

classification.  As a result of the proposed method, 67% accuracy was achieved using KNN 

classifier with a value of k=1 where the pixel values were used as feature vectors and 41% 

recognition rate was received using moment base features and Euclidean minimum 

distance classifier. Jayashree R. Prasad et al. [71] used a template-matching approach for 

the classification of handwritten Gujarati characters. The twenty-six characters were taken 

for the experiment purposed and divided into six different classes based on their shapes. 

For a template matching algorithm, the maximum correlation coefficient value was used as 

a key for classification and achieved a 71.66% overall recognition rate. 

Apurva Desai [72] has worked on handwritten Gujarati numerals. For feature extraction,  

four profiles vectors namely horizontal, vertical, left, and right diagonal were computed 

from 16X16 size of the image. The problem of skew was removed by rotating each image 

by 2 degree in each clockwise and anti-clockwise direction and was given into training. 

The feed-forward back propagation neural network with 94 neurons in the input layer, 50 

neurons in hidden layer, and 10 neurons in the output layer were used for classification.  

The training was done on 610 digit samples and 2650 digits were taken for testing. The 

proposed method achieved 81.66% accuracy. 

Chhaya Patel et al. [73] described the method for Gujarati word segmentation from the text 

line using the projection profile approach. First the text lines were segmented and 

converted into a binary image, furthermore vertical projection profiles of text lines were 
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calculated for finding the white space. If the number of pixels was lesser than some 

predefined value than considered the new word had been formed and achieved 95.14% 

accuracy for up to 4-word segmentation. Further zonal identification [74] of these 

extracted words was performed using a horizontal profile of an image. The word image 

was divided into three zones: upper, middle, and lower. The upper and middle zone 

contained modifiers while the middle zone includes all characters and some parts of the 

modifiers. The method was tested on 250 different words and got good accuracy for zone 

classification. 

Mukesh M. Goswami et al. [75] proposed a method for printed Gujarati character 

recognition using a self-organizing map method, where N-dimensional data were mapped 

into two-dimensional vectors. The KNN classification method is used combined with it to 

classify 40 different characters and attained 82.36% accuracy. Baheti M. J. [76] et al. used 

PCA based and KNN classifier to recognize handwritten Gujarati numeral. The Affine 

Moment Invariant approach was used for extracting features from a binary image. The 

database was created using eighty people’s handwritten numeral samples and achieved 

84% recognition accuracy by the PCA classifier and 90 % accuracy by KNN. 

Mamta Maloo et al. [77] used SVM as a classifier for Gujarati Numeral Recognition. The 

database generated by eight persons and the affine moment invariant features was used for 

recognition and achieved 91 % accuracy for numeral classification. Kamal Moro et al. [78] 

proposed character profile based feature extraction, where after applying the binarization 

and skeletonization on sample database; horizontal, vertical, right diagonal and left 

diagonal profiles were extracted and those extracted features were given to the neural 

network for classification. The experiment was tested on 900 digits in which 300 samples 

were given for training and 600 samples were given for testing and scored 80.5% accuracy. 

Lipi Shah et al. [79] used a redial histogram and euclidean distance classifier for 

handwritten character recognition. For feature extraction, every 5 degrees of the interval, 

the number of black pixels were counted and 72 points feature vector was generated. This 

proposed method achieved 26.86 % accuracy. Ankit K. Sharma et al. [80] used a 

multilayer feedforward neural network and naive Bayes classifier for handwritten numeral 

classification. For a feature extraction, the zoning method is used. The binarized image is 

divided into different zones, then the pixel values from each zone were taken as a feature 

vector. A total of 14,000 samples was collected for the database, from that 11,200 samples 
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were used for training and 2,800 were given for testing. A maximum of 95.92% accuracy 

was received by the neural network as well as  85.60% accuracy was received using the 

naive Bayes classifier.  

Archana N. Vyas et al. [81] had used Discrete Cosine Transform (DCT), Discrete Fourier 

Transform (DFT), and chain code as feature extraction methods for Gujarati Numeral 

recognition. For classification, ANN, SVM, and KNN were applied with 10 fold cross-

validation. The experiment was performed on 6000 digit samples and had obtained 93% 

accuracy using the SVM classifier. Swital J. Macwan et al. [82] had proposed a new 

approach for feature extraction based on a combination of chain code, center of mass, and 

Hu’s invariant moment and achieved 87.29% accuracy, using SVM classifier for 7800 

samples of 39 characters with 10 fold cross-validation. The result was also compared with 

different transform domain approaches and achieved a maximum of 96.06 % accuracy 

using the DCT feature extraction method for the same dataset.  

Avani R. Vasant et al. [83] had used a neural network-based classification method without 

using any feature extraction approach, but different sized images are taken for 

classification. The database had contained 3900 samples for Gujarati Numerals. The 1800 

image samples were used for training purpose and testing was done by remaining 2100 

samples and achieved 87.29%, 88.52%, and 88.76% accuracy for image size 7X5, 14x10, 

and 16x16 respectively. 

Parita R. Paneri et al. [84] proposed a method for handwritten word recognition. For this 

model, 10 different city names of Gujarat were taken as words. Total 2700 samples were 

collected to make the database of city names. The histogram oriented gradient method was 

used as feature extraction, KNN and SVM were used for classification and achieved 

76.87% and 85.87% accuracy respectively. Vishal A. Naik et al. [85] had worked on online 

Gujarati handwritten character recognition and used simply a chain code for feature 

extraction. The 3000 samples of characters were collected for experiment purposes. The 

KNN, SVM, and MLP were used for classification and achieved 90.09% using KNN by 

k=7, 91.63 %  using SVM with RBF kernel and 86.72 % accuracy for MLP classification.  

Ravi Nagar et al. [86] used an estimation method based on stoke orientation as a feature 

extraction and SVM used for classification. In this feature extraction method, the numeral 

image was divided into 81 blocks and from each block, a 16-point feature set was acquired 

based on ending and junction points.  The database had 12889 images of numerals and the 
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testing was done by 5 fold cross-validation, this model achieved 98.95 % accuracy. Dhara 

S. Joshi et al. [87] used a deep learning-based approach for the classification of Gujarati 

character recognition. The morphological transformation, edge detection, and filtering 

were used as a feature extraction method and KNN and neural network-based deep 

learning used for classification. The original handwritten document sets were used for 

testing purposes and achieved 74.26 % accuracy using edge detection, 79.83% accuracy 

using filtering operation, and 82.03 % accuracy using morphological transformation and 

using KNN classifier. 

A. Desai [88] has worked on handwritten Gujarati alphabets. The dataset was prepared by 

one hundred and ninety-nine writers for 41 Gujarati alphabets. In preprocessing tasks, first 

the images were binarized, then using the morphological operations, images were 

skeletonized and resized into a size of 16 X 16.  The aspect ratio and extent of character 

were used as statistical features. The structural features were generated by dividing an 

image into 4X4 sub-images and the number of foreground pixel values of sub-images used 

as features. This proposed method achieved 86.60% of accuracy for 7960 character images 

using the SVM classifier with a polynomial kernel. A. Sharma et al. [89] has proposed the 

feature extraction method based on structural decomposition. In this method, the 

components of characters were identified and from that individual components aspect ratio, 

extent, arch-chord ratio, and chain code were computed, which used as a feature set. 

Another feature set was constructed using the zoning method, in which image was divided 

into 576 non-overlapping zones of size 2X2. For each zone, depending upon the pixel 

binary value, predefined pattern value was assigned and in the third type of feature 

extraction method, the normalized cross-correlation was used. The testing was performed 

on a 20,500 handwritten character dataset for 41 characters where each character has 500 

samples. The structural feature extraction method had achieved the highest accuracy of 

98.77 % using polynomial SVM. In [90], A. Sharma et al. worked on the Gujarati Numeral 

Dataset of 14,000 samples. The combination of chain code, projection profile, and zone 

based features were used as feature set to recognize the numerals and achieved 99.92% of 

accuracy using polynomial SVM. 

V.Naik et al. [91] proposed a method for online Gujarati Character recognition using 

multi-layer classification techniques. In this research work, if the character was confused 

with some other characters in the first layer, then it went for second layer classification 

with those confusing characters. For a first layer classification, polynomial SVM was used 
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and for second layer classification, linear SVM was used as a classifier. The features were 

extracted using zoning and dominant point-based normalized chain code. To remove the 

variation of writer stroke, size normalization and smoothing operations were applied. The 

experiment was tested on 2000 samples of about 200 different writers and achieved 

94.13% accuracy for 0.103s of average execution time per stroke. 

As per the analysis of literature, it was observed that most of the researchers have 

generated their own dataset for Gujarati OCR. Due to which, the research work imposed on 

the design of a robust algorithm for a variety of challenging characters and numerals. 

As many researchers have used a limited amount of databases without addressing many 

realtime challenges like writing style, pen color, the effect of the writing style by 

different age group peoples, etc., the strong research gap was identified for the recognition 

of Gujarati handwritten characters and numbers. 

Moreover, handwritten character recognition complicates the task of OCR due to the style 

of writing by different writers. Further, complication to the task is that certain characters 

have a close resemblance to each other. Also, many characters are similar in shape and the 

presence of compound characters in some scripts complicates the process of word 

recognition.  

So, it is concluded that the development of handwritten OCR is the most challenging and 

fascinating task for researchers working in pattern recognition. 

Most of the research work found in Gujarati script deals with the Gujarati numeral where 

the number of classes is 10. The amount of research carried out for handwritten Gujarati 

characters are found very limited.  

When the recognition system deals with a more number of classes, the accuracy goes 

below an adequate level. so, it is obvious that recognition of basic characters together with 

compound characters, vowels, and modifiers is more difficult, yet necessary and 

understudied problem in HCR research (HCR: Handwritten Character Recognition). 

Hence the problem may be as stated: 

 Design an efficient recognizer, which recognizes all the characters accurately.  

 Design  an efficient recognizer, which uses  a minimum number of features  
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 Accurate recognition can be defined as high recognition accuracy across all 

handwritings. 

 The research work has been started with the specific application already identified 

which will be useful to a large population. 
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Chapter 3 

Gujarati Database Creation 

3.1 Introduction:  

Handwriting is probably the most conventional pattern that everyone finds in daily life. 

Handwriting introduced a lot of challenges in pattern classification problems such as 

handwriting recognition, signature authorization, article writer confirmation, etc.. When 

dealing with these types or similar kinds of problems, researchers required a handwritten 

sample database to validate their developed methods and even algorithms. For all scientific 

research areas, the fundamental requirement is a database for development as well as 

analysis of problems.     

Standard database offered a stage of evaluating performance and additional comparison of 

different algorithms and techniques on a similar network thus abstract any possible 

unfairness. The process of gathering samples for database formation is normally awkward 

and even laborious because it requires collecting the maximum number of various samples 

from different participants. Database generation is not completed by only collecting 

samples, but it also required Benchmark construction, which is not just the accumulation of 

samples, but it also required the process of selecting and rejecting samples to generate the 

standard database. As a requirement of document analysis and recognition, the procedure 

of generating the database is very old. A large number of handwritten databases are 

available for different languages. A handwritten database is consisting of samples of 

handwritten digits, characters, words, or full sentences. Like, the MNIST database is 

usually utilized for machine learning, it is generated by handwritten samples of different 

age group people, includes high school students, company employers, etc.. It comprises a 
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large amount of English handwritten Numerals where sixty thousand samples are used for 

training and ten thousand samples are used for testing, all samples appear in the grayscale 

image of size 28 X 28.  Many researchers were working on the MNIST database with 

different classifiers and achieved a minimum 0.23% error rate using Deep Neural Network. 

The same way the IMA database is available for English text, which contains 5,685 

isolated and labeled sentences, 13,353 isolated and labeled text lines, 1, 15,320 isolated 

and labeled words. The CASIA is a Chinese database available for online and offline 

handwritten character analysis. For Arabic character recognition, the OIHACDB and the 

AHDB database are the most popular. The AHDB database was mostly used for automatic 

detection of bank cheques, as well as it also allows Arabic handwriting recognition for 

unconstrained text.  

From the last decade, handwritten character recognition of Indian script creates more 

attention for researchers. In India, the various languages are spoken by different parts of 

people, also the Constitution of India at present recognizes 23 languages where the most of 

the languages follow the Devanagari Script and Bangala script. Few standard databases of 

Indian languages are also available for analysis, evaluation, and comparisons of different 

methods for researchers. Table 3.1 shows some popular databases used for handwritten 

character recognition for different languages. 

TABLE 3. 1  Benchmark Database for Different Languages 

Sr. No. Language Database 

 1 English NIST, MNIST, CEDAR, IAM 

2 Arabic CENPARMI, ARABASE, Al-Isra, AHDB, 

OIHACDB  

3 Farsi CENPARMI, IFN, FHT, HaFT 

4 Chinese CASIA, HCL-2000, SCUT-COUCH2009 

5 Japanese Kanji  

6 Hindi Devanagari Character Dataset 

7 Bangla Ekush, CMATERdb 3.1 

8 Tamil HPL 

9 Telugu CMATERdb 3.4 

10 Kannada KHTD, Chars74K Data 



 Gujarati Language 

38 
 

3.2 Gujarati Language 

In India, the Gujarati is an official language of the Gujarat state which is also known as 

Gujerati and Gojarati that named after the Gujar or Gurjar people. These people groups 

have been settled in Gujarat since the fifth century C.E. The language is a part of the Indo-

Aryan family, those are members of the Indo-European dialects. The Government of India 

declares 23 different languages officially and the Gujarati is one of them. Aside from 

Gujarat, this language is also spoken in neighboring association domains like Dadra Nagar 

Haveli, Dui, and Daman. The Gujarati language remains at the 26
th

 place amongst the 

mainly spoken local language in all over the world and about 46.1 million people 

communicate in Gujarati in all through the world.  

The greater part of the Gujarati word is obtained from the Sanskrit language, where the 

script is written with top lines known as ‘shirolekha’ that is excluded in the Gujarati script. 

There is a very small vocabulary available in the Gujarati language. Gujarati was the native 

language of the "Father of India", Mohandas K. Gandhi, and the "Iron man of India", 

Sardar Vallabhbhai Patel. It can be also used to write in Arabic and Persian Scripts, which 

is still trailing by locals in the Kutch area of Gujarat.  

TABLE 3. 2 Gujarati Consonants 

 

Gujarati script is composed from left to right. It is an abugida, that is, each consonant letter 

contains an intrinsic vowel. There are forty-five fundamental characters, thirty-four 

consonants, and eleven vowels. Ten of these vowels have two structures, a free structure is 

                  

ka kha ga gha ca cha ja jha ṭa 

                  

ṭha ḍa ḍha ṇa ta tha da dha na 

                  

pa pha ba bha ma ya ra la va 

                

śa ṣa sa ha ḷa kṣa jña   
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used when the vowel isn't gone before by a consonant and a diacritic structure, which is 

composed above, underneath, or close by a first consonant to adjust the characteristic 

vowel. One vowel, 'A', just has an autonomous structure; this is the vowel that is 

inalienable in a consonant letter, so it shouldn't be composed independently when 

following a consonant. Table 3.2 shows 34 consonant of Gujarati script called ‘Vyanjan’ 

and table 3.3 shows 13 vowels called ‘Swar’. 

TABLE 3. 3 Gujarati Vowels 

The vowels are also used as a modifier for consonant called ‘Maatras’, the modifiers and 

consonant with modification is shown in table 3.4. Table 3.5 presents Gujarati ‘Ank’, 

Numerals from 0 to 9. 

TABLE 3. 4 Gujarati Modifiers 

 

TABLE 3. 5 Gujarati Digits 

  

              

a aa I Ii U Uu Rru 

             
 

e ai O au aṃ ah 
 

 

a i I u U o 

                  

O ao aO M : 
 

               
 

 

          

sunya 

(zero) 

ek 

(one) 

be 

(two) 

traṇ 

(three) 

char 

(four) 

          

panch 

(five) 

cha 

(six) 

Sat 

(seven) 

aaṭh 

(eight) 

nav 

(nine) 
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TABLE 3. 6 Some Gujarati conjunct consonants 

 

The conjunct consonants are shown in table 3.6. Consonants are requested by the standards 

of articulatory phonetics, that is, they are written in the way as they are pronounced. There 

are numerous other conjunct symbols utilized in Gujarati composing. Mostly the characters 

which have a vertical line in their composition are used to generate the conjunct 

consonants. The general principle for composing conjuncts is that those letters lose the 

vertical line at the beginning or average position, and just the last character in the group 

holds it.  

3.3 Data Collection 

To the best of knowledge, the standard database of handwritten Gujarati character is not 

available in Gujarati Script. For database generation, the information gathering sheet was 

given to the supporters and mentioned to write Gujarati numerals, consonants, and vowels. 

The contributors of data are local speakers of Gujarati language as the writing style of local 

writers are different from those who have used the Gujarati language as a second language. 

The style of the local writer is developed from the understanding, which begins with the 

primary school, whereas the writing style of non-local writers is derived from the structural 

pattern of the symbol or its similarity with their own language. Writers who have different 

education levels and different writing styles are integrated for the collection of data. The 

                              

khkha gka ghka cka ñka ṇka tka dhka nka pka 

                           

bka bhka mka yka sma sla sta sca nka kra 

                     

khra tra rka sra tra dra hra hya hma dva 

                    

ddha dma dya Tta dda ttha dhdha tta dda   
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data is gathered from primary school children, secondary school students, college students, 

and people from a variety of professions such as teachers, professors, office workers, 

doctors, etc.. A small part of data are additionally gathered from senior citizens. Contacted 

five hundred persons for the generation of the Gujarati Numeral database and 5000 

samples were collected. Forty handwritten characters were collected from two hundred 

fifty writers and 10,000 samples were gathered for the formation of the Gujarati Character 

database. This 40 characters includes all 34 consonants, 5 vowels, and one conjunct. The 

selected vowels and conjunct are mostly used as a character to write Gujarati words. 

Every writer is mentioned to compose with his/her writing tool to emulate their common 

writing style. Printed numeral and characters are given at the top of each writing sheet with 

the goal that the person won't miss any character while writing. There is no constrain given 

to writers to write in a sheet, they can be used any type of pen and pencils and not 

restricted for a method of writing, ink color of pen, thickness of written characters. Each 

person has to write in specific boxes given in the sheets. Figure 3.1 shows the statistical 

analysis of Gujarati writers. 

 

FIGURE 3. 1 Statistical Analysis of Gujarati Writers 
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40% 

College Students 
25% 

Professional 
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Figure 3.2 shows samples of handwritten sheets for collection of characters and Numerals 

and Table 3.7 shows Gujarati characters, which are used for research work.  

 

FIGURE 3. 2 Sample Handwritten Sheets 
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TABLE 3. 7 Selected Gujarati Script Symbols 

 

3.3 Database Preparation 

The physical form of handwritten sheets is converted into digital form by flatted HP 

scanner using 300 dpi. For further use, the scanned documents are converted into the JPEG 

image format. The next task is to isolate the character from the image, but it is a very time 

consuming and tedious job to crop each character from scanned documents. For that 

reason, to generate a database, the algorithm was made to auto crop the individual's 

character from images. The whole approach involves binarization of image, character 

thining, segmentation, and resizing of isolated characters. 

3.3.1 Binarization 

The Binarization process transforms the greyscale image into a binary image. So, the 

grayscale image, which has 256 different gray levels is converted into a two-level black 

and white image. The accuracy of OCR is highly dependent on the binarization process.  

The high-quality binarized image is providing much more accuracy in character 

recognition compared to the source image because the source image consists of noise. Now 

the main confusion is to choose the appropriate binarization algorithm for all those images.  

The determination of the most ideal binarization algorithm is a very challenging task, the 

diverse binarization algorithm provides different efficiency on different types of image 

datasets. The binarization algorithms can be divided into two types:  

a) Global Binarization, in which a single threshold has been used for the entire image.  
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 b) Local Binarization in which pixel by pixel or even zone by zone, the threshold value 

can be computed.  

3.3.1.1 Global Binarization: 

In this method, a preset threshold value is decided and then examines all pixel values in an 

image, if the value is greater than the threshold, then allot ‘1’ value to that pixel otherwise 

allot ‘0’ to that pixel. Fixed Thresholding Method, Otsu Binarization Method, and Kilter 

and Illingworth Method are examples of Global binarization. The fixed thresholding 

method is described by equation 3.1. 

                                             

Where T indicates the threshold value and f (x,y) is an intensity of image f at position (x,y). 

3.3.1.2 Local Binarization 

In this method, the threshold value is locally calculated and applied to a particular region 

or group of pixels. Adaptive Binarization Method, Niblack Method, Bernsen method, and 

Sauvola Method are examples of the local binarization method. In this work, the adaptive 

binarization method was used to convert the grayscale images into binary images. 

Adaptive Binarization Method: 

This is the type of thresholding that consider the spatial dissimilarity in illumination. In 

this method, to convert the grayscale image into binary form, the First integral image was 

calculated and then local thresholding was applied to the whole image. For implementing 

an integral image, at each position of I (x, y), the sum of all left and above pixels of f (x,y) 

is computed as shown in equation 3.2. Where I (x,y) is a pixel of an integral image, and 

f(x,y) is a pixel of the original grayscale image [92].  

                                                     

The whole procedure of implementation of an integral image is shown in figure 3.3. The 

sum of the highlighted rectangle is 21, which is replaced in the integral image. 
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                                                    (a)                                          (b) 

FIGURE 3. 3 (a) A simple input of image values (b) The computed integral image 

Once the integral image is formed, the sum of any rectangle with the upper left corner 

(x1,y1) and the lower right corner (x2,y2) is calculated using equation 3.3 and procedure 

shown in figure 3.4 [92], [93]. 

        
  

    

  

    
                                                      

The condition                              

Where; s is window size and t is constant 

If this condition is true             

Else                                             

Where out (x,y) is a pixel of the output binary image. 

 

FIGURE 3. 4 Calculate the sum over rectangle D using an integral image. 

The main idea of this algorithm is that each pixel is compared to an average of the 

surrounding pixels. Specifically, an approximate moving average of the last s pixels seen is 

calculated while going across the image. If the value of the current pixel is t percent lower 

than the average, then it is set to black, otherwise, it is set to white. This method works 

because comparing a pixel to the average of nearby pixels will preserve hard contrast lines 
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and ignore soft gradient changes. The advantage of this method is that only a single pass 

through the image is required. In this process, the value of s is taken 1/8th of the image 

width and the value of t is 15. 

The binarized image using fixed thresholding and adaptive thresholding is shown in figure 

3.5. The figure shows that adaptive binarization thresholding gives far better results than a 

fixed thresholding method [92].   

                       

(a)                                                   (b)                                        (c)            

FIGURE 3. 5 (a) Original image   (b) Binary image using local thresholding (c) binary image using 

adaptive thresholding 

 

3.3.2 Segmentation 

To create the database, the Segmentation process is necessary to automatically isolate the 

characters from handwritten sheets. For this purpose, the algorithm is designed using the 

labeling of connected components, the conjunction of labeling, and aspect ratio.  

3.3.2.1 Labeling of connected components: 

The connected components labeling is the heart of the automated segmentation of 

handwritten character image. The pixel connectivity method is used for labeling and 

grouping the connected components. In this method, Connected components labeling scans 

an image and groups its pixels into components based on pixel connectivity, that is, all 
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pixels in a connected component share similar pixel intensity value and are in some way 

connected with each other. As soon as all groupings had been completed, every single 

pixel is tagged and the serial number is given to each connected group. 

The two types of pixel connectivity are present depending upon pixels neighborhoods: 4-

connected component and 8-connected component. Figure 3.6 indicates the concept of 4 

and 8 connectivity by the rectangle. The 4- connected pixels of central pixel (x,y) are left 

pixel (x−1,y), above pixel (x,y+1), right pixel (x+1,y) and below pixel (x,y−1), so the 4 

connected components are shared edges with the central pixel while in 8-connected 

components four more diagonal pixels are added, top left corner pixel (x−1,y−1), top left 

(x−1,y+1), bottom left (x+1,y+1) and  bottom right (x+1,y−1). In this method,  pixels do not 

only share the edges but also corners. 

 

 

                                             (a)                                                         (b)  

FIGURE 3. 6 (a) 4 – connectivity (b) 8 – connectivity 

3.3.2.2 Thinning Operation  

Thinning is the morphological operator to remove selected foreground pixels from its 

binary images. Thinning is like opening and erosion. Thinning is mostly used as a 

preprocessing task in several applications, however, mainly it is used for the Medial Axis 

Transform and skeletonization. In this database generation process, thinning is used for 

reducing the width of the character image into a single line means for skeletonization of 

character. Like another morphological operator, the behavior of a thinning operation 

directly depends on structuring elements. 
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The thinning of a set X by a structuring element Y can be distinct by expressions of the hit-

and-miss transform: 

                            

In equation 3.4, the symbol   indicates hit and miss transform and    indicates tinning 

operation between X and Y. Symbols   and c represent intersection and complement 

operation respectively. 

 

(a) Sampled image                                    (b) skeleton of sampled image 

FIGURE 3. 7 Thinning Operation 

Figure 3.7 shows sample thinning operation on image part (a) shows the original image 

and (b) shows a thinning operated image. 

3.4 Challenges in segmentation  

In Gujarati script, some characters have two or three segments like digit ‘૯’ and characters 

‘ગ’, ‘ણ’, ‘લ’, ‘શ’, ‘હ’. Using the simple labeling method, these single characters are divided 

into two or three segments. The digit ‘૯’ and characters ‘ગ’, ‘લ’, ‘શ’, ‘હ’ have two segments 

while character ‘ણ’ has three segments, which are very difficult to perfectly segment. To 



Gujarati Database Creation 

49 
 

perform automatic segmentation for these types of characters, two different approaches are 

developed.  

3.4.1 Unite Labeling method 

If the character is segmented into two parts, then it has two different labels using labeling 

method, but both labels coincided with each other then it is possible to combine these 

labels into a single label. Figure 3.8 shows the segmentation of digit ‘૯’, in which digit ‘૯’ 

is divided into two parts shown in figure 3.8 (b) and (c).   

 

                        (a) Digit ‘૯’                          (b) Segment 1                (c) Segment 2 

FIGURE 3. 8 Segmentation of Digit ‘ ’ 

Figure 3.9 shows the labeling of both segments, which are highlighted by red and yellow 

color. The red color has labeled ‘1’ while the yellow color has labeled ‘2’. As shown in 

figure 3.9, some columns of the image have both the label values ‘1’and ‘2’, which means 

that the labels coincide with each other.   

 

FIGURE 3. 9 Labeling of Digit ‘ ’ 
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In the unite labeling method, if any column in the image consists of two labels than the 

segment, which consists of the second label value is replaced by the first label value. So, 

finally, using this approach digit ‘૯’ is perfectly segmented. The same method can be 

worked for the character ‘લ’ and ‘હ’, which is shown in figure 3.10 and 3.11. 

 

 

                        (a) Character ‘લ’                          (b) Segment 1                (c) Segment 2 

FIGURE 3. 10 Segmentation of Character ‘ ’ 

 

                        (a) Character ‘હ’                          (b) Segment 1                (c) Segment 2 

FIGURE 3. 11 Segmentation of Character ‘ ’. 

3.4.2 Aspect Ratio method 

In the second approach for perfect segmentation, the ratio of width to height of the 

character’s segment, known as Aspect Ratio is used to merge the second segment with the 

previous segment. For example, figure 3.12 shows the segmentation of the character ‘ગ’, 

where the character is divided into two parts and these two segments have not coincided 

with each other. So, they cannot be merged using the unite labeling method.  



Gujarati Database Creation 

51 
 

 

(a) Character ‘ગ’                          (b) Segment 1                (c) Segment 2 

FIGURE 3. 12 Segmentation of Character ‘ ’ 

The main task is assigned the same label value of the first segment to the second segment 

so that the whole character is perfectly formed. For this method, the aspect ratio of the 

segment is first calculated, if this ratio value is less than 0.5 then the assigned label value 

of the previous segment to the second segment.  

Figure 3.13 shows two segments of character ‘ગ’ highlighted by red and yellow color. The 

red color indicates the label ‘1’ and yellow color indicates the label ‘2’. The ratio of height 

and width of the second segment is 0.25, which is less than 0.5. So, the labels of that 

segment in the image are replaced by ‘1’, and the character is now perfectly segmented 

using this approach. The same method is used for the character ‘શ’, which is shown in 

figure 3.14. 

 

FIGURE 3. 13 labeling of Character ‘ ’ 
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(a) Character ‘શ’           (b) Segment 1        (c) Segment 2 

FIGURE 3. 14 Segmentation of Character ‘ ’ 

Figure 3.15 shows the segments of the character ‘ણ’, which is partitioned into three 

different segments. To extract this whole character, it is required to combine the unite 

labeling approach and calculation of the aspect ratio method. So the first two segments are 

merged by the unity labeling method and then the third segment is merged using the aspect 

ratio method. 

 

(a) Character ‘ણ’                      (b) Segment 1        (c) Segment 2        (d) Segment 3 

FIGURE 3. 15 Segmentation of Character ‘ ’ 

Using these two approaches, all characters are automatically perfectly segmented into 

character images.  
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3.5 Extraction of Characters 

The following algorithm describes the whole procedure to extract the characters from 

handwritten sheets. 

Algorithm 3.1: Character Extraction Algorithm 

Input: Write down the Gujarati characters and numerals in the data gathering sheet. 

Output: Extracted character images 

Step 1:  Convert physical handwritten datasheet into digital format using the scanner or 

camera into the JPEG image format  

The resultant image is shown in figure 3.16  

 

FIGURE 3. 16 Handwritten Datasheet 

Step 2:  Using Adaptive Thresholding method, convert the image into binary format.  

The binary image is shown in figure 3.17  
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FIGURE 3. 17 Binarized Image 

Step 3: Remove the grid using the maximum value of the connected component. 

The grid extracted image is shown in figure 3.18  

 

FIGURE 3. 18 Boundary Extracted image 

Step 4: Applied thinning operation on the extracted image. 

The output is shown in figure 3.19  
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FIGURE 3. 19 Thinning Operated Image 

Step 5: Performing line segmentation of the thinned image. 

The segmented lines are shown in figure 3.20 

Step 6: Extracting character using unity labeling and the aspect ratio methods. Finally, 

the extracted part of the character is converted into the BMP image format. 

Extracted characters are shown in figure 3.20 

 

FIGURE 3. 20 Extracted character Images 
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Step 7: All characters are resized into 64X64 images and saved into different 50 

folders, in which 10 folders for numerals, 34 folders for consonant, 5 folders 

for vowels, and one for the conjunct consonant. 

 

3.5.1 Sample Database 

The database contains a total of 15,000 samples, in which 5000 samples of Gujarati 

numerals and 10,000 samples of Gujarati characters. There are 500 samples for each 

numeral and 250 samples for each character in the dataset. Some image samples of each 

character and numeral are shown in table 3.8  

TABLE 3. 8  Samples of Database Characters 

Sr. 

no

. 

characters 1 2 3 4 5 6 7 8 

1   

        

2   

        

3   

        

4   

        

5   

        

6   

        

7   
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8   

        

9   

        

10   

        

11   

        

12   

        

13   

        

14   

        

15   

        

16   

        

17   

        

18   

        

19   

        

20   
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21   

        

22   

        

23   

        

24   

        

25   

        

26   

        

27   

        

28   

        

29   

        

30   

        

31   

        

32   

        

33   
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34   

        

35   

        

36   

        

37   

        

38   

        

39   
        

40   

        

41   
        

42   

        

43   

        

44   

        

45   

        

46   
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47   

        

48   

        

49   
        

50   
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Chapter 4 

Feature Extraction Method 

4.1 Introduction 

The high recognition accuracy is mainly depending upon the feature extraction method in 

the OCR system. A feature extraction method must be vigorous enough to deal with an 

assortment of cases for a similar character. A usually utilized methodology is to 

characterize the character pattern by its feature vectors and then the particular character is 

classified depends on its feature vector into a specific class. In this manner, the main aim 

of the feature extraction techniques is to convert an image that is represented by a two-

dimensional matrix, into a one-dimensional feature vector.  The features are extracted such 

types of relevant information from the image, so the interclass difference is very large, and 

intraclass difference is very small.  Because of the inconstancy of human writing, this 

feature based methodology is prevalent in handwritten character recognition. 

Pattern recognition methods are traditionally categorized into template-based and feature-

based approaches. The template-based method is depending upon the degree of correlation 

between the unknown pattern and the known pattern. The class of new unknown patterns is 

decided upon the highest degree of correlation with the ideal template pattern. But now in 

the modern era, feature extraction based classification approaches are used, which gives 

more accuracy compared to the template-based method.       

There are two types of feature extraction approaches, one is the spatial domain approach 

and the second is the transfer domain approach. In the Spatial domain approach, statistical 

and structural features are extracted from the character image pattern. So, this approach 

directly deals with a pixel pattern of the image. The statistical features are computed using 
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a statistical distribution of pixel points, while structural features are derived from the 

geometric properties of the character pattern. The examples of structural features are loops, 

the number of different type lines, crossing points, curves, etc., so these all depend upon 

the structure of the image. The statistical features are easily computed as compare to the 

structural features. The examples of the statistical features are histogram projection, 

zoning, pixel densities of the image, etc.. All these features are computed on the whole 

image or image regions or zones, which gives numerical quantity. 

In a transform domain approach, the image is transformed into different space and then the 

valuable features taken from that transformed image. Examples of transfer domain 

methods are Fourier Transforms, Gabor Transform, Wavelet Transform, Karhunen–Loeve 

Expansion, etc.. 

 

FIGURE 4. 1 Feature Extraction Method 
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For Gujarati optical character recognition, the both spatial domain and transfer domain 

feature extraction methods were developed. The structural and statistical features were 

obtained from the spatial domain, whereas wavelet transform based features were obtained 

using the transform domain approach. Figure 4.1 shows the different categories of feature 

extraction methods. These methods are applied to the Gujarati database and the extracted 

features are used for recognition of Gujarati characters. Also, some mixing of these 

features methods is used to increase the recognition rate. All feature extraction methods are 

explained in subsequent sections. 

4.2 Method 1: Pixel Count Ratio 

The pixel count ratio is defined by the ratio of the number of white pixels to the number of 

black pixels of the binary image. For computing the pixel count ratio feature vector, the 

original 64X 64 sized image was divided into 8 X 8 zones, so total 64 zones are created 

and then from each zone, the ratio of the number of white pixels to the number of black 

pixels is taken as a feature set. 

Figure 4.2 shows the image of Gujarati numeral ‘1’ and its 64 different zones, where each 

zone has 64 pixels. A single numerical value for the ratio of white pixels to black pixels 

was obtained from each zone. Hence, a total of 64 numerical values was achieved. These 

64 values were concatenated and a 64 point feature vector was generated. 

                        

FIGURE 4. 2 Zoning of Pixel Count Ratio Method 

The whole procedure for computing feature extraction method of pixel count ratio is 

shown in algorithm 4.1.  
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Algorithm 4.1: Extraction of Pixel Count Ratio Features 

Input: Binary Image. (size: [64 X 64]) 

Output:  Pixel Count Ratio. feature vector. (length: 64 point) 

Step 1: Divide the image into 64 zones, each of size [8X8]. 

Step 2: Compute the ratio of the number of white pixels to black pixels from each zone. 

Step 3: Concatenate all numerical values obtained by step 2 to create a feature vector. 

4.3 Method 2: Object Gradient 

Gradient features are the most powerful directional features, which are effectively used in 

character recognition problems. The gradient magnitude and gradient direction were 

utilized for extracting the features of the image. R. Das et al. [94] proposed the gradient 

features in which the direction of the character boundary was computed by the gradient of 

image pixel values. Gradient features could be measured on binary images as well as on 

grayscale images. In this research work, the binary image was used and gradient features 

were calculated on a different zone of the image [95]. 

4.3.1 Definition of Gradient 

The gradient of any image I for any pixel located at (x, y) is defined by [gx, gy]
T
 vector, 

which is pointing out the maximum rate change direction of image I. At location (x, y), the 

amplitude G and direction ϕ is given by equation 4.1 and 4.2 respectively. 

           
    

           

and 

              
  

  
           

For reduction of computing complexity, the amplitude G(x,y) at any location (x,y) of the 

image is computed by equation 4.3 
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4.3.2 Computation of Gradient 

The gradient at any location (x, y) of an image I is computed by the smallest 3X3 filter. 

The calculation of gx and gy using 3X3 neighborhood, where the center at the location (x,y),  

are shown by equation 4.4 and 4.5. 

                                                         

                                                        

                                                         

                                                         

These equations are represented by two different masks shown in figure 4.3, which shows 

the Sobel operator, where the sum of all coefficients of the mask is zero. These masks are 

applied to the entire image. 

-1 -2 -1   -1 0 1 

0 0 0   -2 0 2 

1 2 1   -1 0 1 

(a) Horizontal mask                                     (b) Vertical mask 

FIGURE 4. 3 Sobel Operator 

To compute Gradient features, first the image was divided into 9 sub-images. The single 

code is assigned for each 30° span of direction. Hence, a total of 12 different codes was 

generated. Depending upon the direction of the pixel, one of the code out of 12 code was 

assigned to that pixel. Then 12 point histogram was calculated for each zone. The total 

12X9 =108 features were obtained from a single image, this method was described in [94]. 

Figure 4.4 shows the image of Gujarati numeral ‘0’ and its 9 different zones. For each sub-

image, gradient magnitude and gradient direction were computed and after that each white 

pixel gradient direction was observed, then found out that the specific pixel lies in which 

span, according to the span a code was assigned to that pixel.  
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FIGURE 4. 4 Zoning for Object Gradient Method 

The full procedure of computing gradient features of the image is shown by algorithm 4.2 

Algorithm 4.2: Extraction of Gradient Features 

Input: Binary Image. (size: [64 X 64]) 

Output: Gradient feature vector. (length: 108 point) 

Step 1: Apply a zoning method to divide the input image into 9 sub-images. 

Step 2: Compute the gradient amplitude G(x,y) using equation 4.3 and gradient 

direction using equation 4.2, where gradient components are calculated 

using equation 4.4 and equation 4.5. 

Step 3: In each zone, the range of Gradient direction is partitioned into 12 different 

parts by 30° span. The spans are 0°, 30°, 60°, 90°, 120°, 150°, 180°, 210°, 

240°, 270°, 300°, 330°, and 360°.  

Step 4: Assign the code to each direction span. Assign code0 for 0° to 30° span, 

code 1 for 30° to 60° span, code 2 for 60° to 90° span, code 3 for 90° to 

120° span, code 4 for 120° to 150° span, code 5 for 150° to 180° span, code 

6 for 180° to 210° span, code 7 for 210° to 240° span, code 8 for 240° to 

270° span, code 9 for 270° to 300°, code 10 for 300° to 330° and code11 for 

330° to 360° span.  

Step 5: Create the 12 point histogram of the gradient direction for each zone. 

Step 6: Concatenate the histogram of each zone to generate a 12 X 9 =108 point 

feature vector. 
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4.4 Method 3: Object Geometry 

M. Blumenstein et al. [96] presented a novel feature extraction technique in which the 

character’s edge or boundary was represented by individual line segments or stokes. The 

first character image was divided into the 9 zones of the same size, and then types of lines, 

the number of lines, and length of lines were determined from each zone. The line 

segments, extracted from each image zone were classified into four groups: 1) Horizontal 

line 2) Vertical line 3) Left diagonal and 4) Right diagonal. Apart from these four-line 

representations, Euler Number of a character was also used as one of the features. Figure 

4.5 shows the image of Gujarati numeral ‘0’ and its 9 different zones. 

 

FIGURE 4. 5 zoning of Gujarati numeral ‘0’ 

To obtain the geometry features from each zone of an image, the following required steps 

were performed on the individual zone:  

1. The location of the starting point and the junction point for each line.  

2. Discriminate the each line segment.  

3. Apply labels to each line segment. 

4. Perform Line normalization for each line segment. 

4.4.1 Location of starting point and junction point for each line  

To locate the starting point, find the white pixel that has only one neighboring white pixel 

or called the foreground pixel. After finding all the starting points from the left-hand side 

of the image zone, then move towards finding the junction points. The junction point has 
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more than two white neighboring pixels or foreground pixels. Figure 4.6 shows the starting 

points by the yellow color circles and junction point by the red color circle. 

 

FIGURE 4. 6 Starting and Junction Points of Lines 

4.4.2 Discriminate each line segments  

To differentiate each line segment, the starting points and intersection points are used. 

Figure 4.7 shows the three line segments. 

 

FIGURE 4. 7 Line Segments 

4.4.3 Labeling of each line segments 

After completing the procedure for finding the line segments, the direction number is given 

to each white pixel.  For that the next pixel is compared with current pixels and depending 

upon the direction of the next pixel, the direction number is assigned to that pixel. If the 

next pixel moves down than the given direction number is 1, the same way assigned a 

number for the down-left direction of next pixel is 2, left is 3, up-left is 4, up is 5, up-right 

is 6, right is 7 and for down-right direction is 8. The example of one of the line segments is 

shown in Figure 4.8 (a) and its binary representation is shown in figure 4.8 (b). Figure 4.8 

(c) shows the labeling of each pixel according to the directions.  
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4.4.4. Line normalization of line segments. 

After applying the direction based labels to line segment pixels, find out which direction 

number comes maximum times in line segment, then assign that number to each pixel. 

Figure 4.8 (c) shows the direction number of each pixel, where number 1 comes 10 times, 

number 2 comes 5 times and number 8 comes 6 times, so number 1 is assigned to each 

pixel according to maximum rule. This procedure is called the line normalization. The 

normalized line is shown in figure 4.8 (d).  

 

           (a)                                      (b)                               (c)                                  (d) 

FIGURE 4. 8 (a) Original line segment, (b) binary value of line, (c) After applying direction value to 

each pixel, (d) Normalized line segment. 

After completing line normalization, the type of line is decided based on the normalized 

value of the line. If direction value is 2 or 5 then the line is vertical type, if a value is 3 or 7 

then the line is horizontal type, if the value is 4 or 8 then line is left diagonal type and if a 

value is 1 or 6 then line is right diagonal type.      

4.4.5 Formation of feature vectors through zoning 

For classification, any types of classifier require a uniform length of the feature set for each 

sample image. Here, in this feature extraction method, the input image was first divided 

into equal 9 zones, and if it was not compatible for equally dividable then extra padding 
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pixels were added, and after that direction information was obtained from each zone. Using 

this information, the types of line and length of the line were calculated, which were used 

for feature vector computation. For normalization purposes, the value of each feature was 

converted into a floating-point number between -1 to +1.  

The first four features of each sub-images described the number of different types of lines. 

Each type of line value was computed by equation 4.6. 

         
               

  
             

This equation indicates that if any type of line was not present in the zone than its value 

was taken as 1 and if a line was present, then its value was lying in the range of -1 to 1.            

The next four features were computed using the length of lines. If a particular line was not 

available, then consider its value = -1, else normalized the length of a line by equation 4.7, 

and that value was considered as a feature. 

        
                                           

                                             
           

The last feature, that extracted from the sub-image (zone) was an area. The area of the sub-

image was obtained by equation 4.8. 

       
                                            

                
           

So, from each sub-images, 9 features were extracted. Hence the total of 9 features X 9 sub-

images =81 features and one more feature was taken from the whole image that the Euler 

number of an image, computed by equation 4.9. Thus a total of 82 features are extracted 

from a single image. 

                                            

                                                 

Figure 4.9 (a) shows the sub-images of digit ‘0’ and one of the zones of it is highlighted in 

figure 4.9 (b). The binary representation of this part is shown in figure 4.9 (c).  
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   (a)                                                    (b)                                            (c) 

FIGURE 4. 9 (a) 9 zone of numeral ‘0’ (b) one of the zone of image (c) binary representation of a 

selected zone 

The procedure for calculation of 9 features for the highlighted part is shown below: 

 Number of segments: 3  

o Number of horizontal lines      : 0 

o Number of vertical lines          : 0 

o Number of right diagonal lines :2 

o Number of left diagonal lines   :1  

 Value is calculated by: 

Value =1 - ((number of lines /10) * 2)  

 So the first four features are:  

o Value of horizontal lines      : 1 

o Value of vertical lines           :1 

o Value of right diagonal lines:0.6 

o Value of left diagonal lines   :0.8  

 Next 4 features are calculated as: 

Length= (total number of pixels in a particular direction) / (total number of all pixels 

belonging to the skeleton) 
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 Total Number of all pixels belonging to the skeleton: 20  

 If there are no pixels in particular line then consider length = -1  

o Normalized Length of all horizontal lines          :-1 

o Normalized Length of all vertical lines              :-1 

o Normalized Length of all right diagonal lines     :12/20 =0.60 

o Normalized Length of all left diagonal lines       :5/20  =0.25 

 The 9
th

 feature from each zone is computed as: 

o Normalized Area of the Skeleton= (Total Number of all pixels belonging to the 

skeleton) /(size of sub-image) 

o Normalized Area of the Skeleton = 20/289 = 0.0692 

In the same way, for other sub-images, 9 features are calculated and after extracting totals 

81 features from sub-images, the Euler number is added as an 82
nd

 feature for this method. 

For this example, the Euler number value is zero for numeral ‘0’. The procedure of 

computing geometry features of the image is described by algorithm 4.3 

Algorithm 4.3: Extraction of Object Geometry Features 

Input: Binary Image. (size: [64 X 64]) 

Output: Geometry feature vector. (length: 82 point) 

Step 1: Apply the zoning method to divide the input image into 9 zones if the image 

is not appropriate to divide into equal zones then padding is applied. 

Step 2: To obtain the geometry features from each zone of an image, the following 

steps are performed on the individual zone:  

1. The location of the starting point and the junction point for each line.  

2. Discriminate the each line segment.  

3. Apply labels to each line segment. 

4. Perform Line normalization for each line segment. 

Step 3: For each zone, find out values for all types of lines using equation 4.6. 

Step 4: For each zone, find out the length for all types of line using equation 4.7.  



Feature Extraction Method 

73 
 

Step 5: For each zone, find out the area using equation 4.8. 

Step 6: Concatenate features of each zone to create 9 X 9 =81 point feature vector. 

Step 7: After computing, 81 point feature vector, obtain the Euler number of the 

whole image and add as 82
nd

 feature.  

4.5 Method 4:  Character Profile 

In the Character profile feature extraction method, the projection histogram of foreground 

pixels was calculated in different directions. In this proposed feature extraction method 

[72],[97] four types of projection histogram: horizontal, vertical, left diagonal, and right 

diagonal histogram of character were used as features.  

Consider the image I of size N X N, the calculation for all four types of projection profiles 

from the image I are discussed below, in which foreground pixels are represented by 

binary value 1 and background pixels are represented by the binary value 0.  

Horizontal Projection Profile (HPP): 

The horizontal projection of the image I is calculated by equation 4.10 and the size of the 

generated profile vector is N.   

              

 

   

                            

Vertical Projection Profile (VPP): 

The vertical projection of the image I is calculated by equation 4.11 and the size of the 

generated profile vector is N.   

              

 

   

                            

Right diagonal Projection Profile (RPP): 

The right diagonal projection of image I is calculated by equation 4.12 and the size of the 

generated profile vector is       1. 
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Left diagonal Projection Profile (LPP): 

The left diagonal projection of image I is calculated by equation 4.13 and the size of the 

generated profile vector is       1.   

       

 
 
 

 
 
             

 

   

                                              

             

   

   

                                            

                  

 

This feature extraction procedure is explained by figure 4.10 using 4 X 4 images. The 

value of horizontal projection vector is [2,2,2,3,2], vertical projection vector is [2,2,2,2,2], 

right diagonal projection vector is  [0,2,2,0,2,0,3,1,0] and left diagonal projection vector is 

[0,0,3,2,1,1,3,0,0] computed as shown in figure 4.10 (a), (b), (c) and (d) respectively. 

 

  (a)                                     (b)                                    (c)                                    (d) 

 

FIGURE 4. 10 (a) Horizontal Projection (b) Vertical Projection (c) Right diagonal Projection and (d) 

left diagonal Projection 
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To obtain horizontal, vertical, right diagonal, and left diagonal profile features, the first 

image was resized into 50 X 50 matrix than all types of profile features were concatenated.  

So a total of 298 features =50 features from the horizontal profile + 50 features from the 

vertical profile + 99 features from the right diagonal profile vector + 99 features from the 

left diagonal profile, were extracted from the image. Figure 4.11 shows the character 

profile for numeral ‘1’. The algorithm 4.4 describes the procedure of computing profile 

features of the image. 

                     

                        (a)                                                                         (b) 

FIGURE 4. 11 (a) Numeral ‘1’ (b) Profile of numeral ‘1’ 

Algorithm 4.4: Extraction of Character Profile Features 

Input: Binary Image. (size: [64 X 64]) 

Output: Profile feature vector. (length: 298 point) 

Step 1: Resize the binary image into 50 X 50 matrix. 

Step 2: Find out the Horizontal Projection Profile vector of 50 points using equation 

4.10. 

Step 3: Find out the Vertical Projection Profile vector of 50 points using equation 

4.11. 

Step 4: Find out the Right diagonal Projection Profile vector of 99 points using 

equation 4.12. 
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Step 5: Find out the Left diagonal projection profile vector of 99 points using 

equation 4.13. 

Step 6: Concatenate features of all direction profile to create a 298 point feature 

vector. 

4.6 Method 5: Local Binary Pattern 

Local Binary Pattern (LBP) was invented by Timo Ojala et al. [98] as a texture descriptor. 

Because of its discriminating power as well as its computational simplicity, LBP texture 

operator has turned out to be a well-known approach in several applications.  It is mostly 

used as a feature extraction method in recognition of Face, fingerprint, texture. It operates 

on image pixels and replaces its value with a decimal number. The local binary pattern 

operator transforms an image into an array or image of integer labels describing the small-

scale appearance of the image. These labels or their statistics, most commonly the 

histogram are used for further image analysis. Mostly, the LBP operators are used on 

monochrome still images, but it can be extended for color images as well as on video. This 

method is used for face recognition in [99-101], for texture classification in [102], moving 

object detection in [103], and for Arabic handwritten digit recognition in [104]. 

The LBP operator uses two parameters: one radius and second neighbors. 

 Radius: it uses the radius to construct the circular local binary pattern around the 

central pixel and its value is generally put 1. 

 Neighbors: Neighbors are the number of sample pixels that helped in the 

construction of a circular local binary pattern. As increasing the sample pixels, it 

increases the computational cost, so usually its value is put 8.   

The LBP operator is represented as LBP P, R where R indicates the radius from the center 

pixel to its neighbors, and P indicates the total number of neighbors used for LBP. 

Officially, the LBP operator can express the value of a pixel at (xc, yc) into decimal form by 

equation 4.14 as follows: 
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Where gp is a gray value of neighboring pixels for P= 0, 1, 2…..P-1, and gc is a gray value 

of a central pixel and function s(x) is defined by equation 4.15. 

      
               
               

            

From the definition, the primary LBP operator is invariant to monotonic grayscale 

transformations, which keep the pixel intensity in order to the neighborhood. The 

histogram of LBP labels calculated over an area that can be exploited as a texture 

descriptor. To extract the LBP features from the image, each central pixel value is 

compared with its eight neighboring pixels, if the neighboring pixel has less value than the 

center pixel, then assign 0 else assign 1 to that pixel. Considering the top left corner as a 

first bit and rotate clockwise manner to generate an eight-bit binary code. The central pixel 

value is replaced by the decimal value of that binary code. The histogram of these decimal 

values is used as features. 

 

                  (a)                                      (b)                                      (c) 

FIGURE 4. 12 Examples of the LBP operator 

Figure 4.12 shows the circular module for (8, 1), (16, 2), and (24, 3) neighborhood. It 

indicates as the radius is increasing, the number of neighboring pixels are also increasing. 

There are Two Type LBP operators 

1. Non-Uniform LBP  

2. Uniform LBP  

4.6.1 Non-Uniform LBP 

Non-uniform LBP computed as its traditional manner, Figure 4.13 shows the example of 

traditional LBP8,1 code generation in which P= 8 and R=1 and each neighboring pixel is 
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compared with a central pixel, after that if its pixel value is higher than central pixel than 

replace its value by 1 else replace by 0. The generated Binary code is 11000010, which is 

equivalent to 194 in decimal that replaces the central pixel value by 194. To implement the 

rotation-invariant features and reduce the size of the feature vector, Uniform LBP is used.    

 

                       (a)                                              (b)                                               (c) 

FIGURE 4. 13 (a) Input image (b) The LBP (8,1) operator (c) LBP coded block 

4.6.2 Uniform LBP    

Uniform Local Binary Patterns are patterns with at most two circular 0-1 and 1-0 

transitions. For example, the binary patterns 00000000 (0 transitions), 01110000 (2 

transitions) and 11001111 (2 transitions) are uniform and the patterns 11001001 (4 

transitions) and 01010011 (6 transitions) are not uniform. In uniform LBP mapping there is 

a separate output label for each uniform pattern and a single label is assigned to all the 

non-uniform patterns. So, there are 58 uniform patterns, and 1 nonuniform pattern, a total 

59 point feature vector is obtained by this method [105]. 

 

FIGURE 4. 14 58 different uniform patterns in (8, R) neighborhood [105] 
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Figure 4.14 shows uniform patterns. The first and last circular patterns indicate ZERO 

transition, so these two are unique patterns which will assign by 56 and 57 label 

respectively. Remaining all circular patterns has TWO transitions which will assign a 

unique code from 0 to 55. The binary pattern other than this (transition 4, 6, and 8) will go 

in the last category 58. So in uniform LBP, a histogram is created for each block with a 

total of 59 labels (0 to 58). 

 

FIGURE 4. 15 The Proposed Method Using LBP 

For obtaining Uniform LBP features in this research work, a binary image was first 

converted into a gray image using filter H = [0.1,0.1,0.1;0.1,0.2,0.1;0.1,0.1,0.1] and after 

that, the grayscale image was resized into 48 X 48 matrix, the resulting gray image and 
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resized image are shown in figure 4.15. After that, the image is further divided into the 

various sizes of blocks, suppose size was 12X12, so total 16 blocks were generated and 

from each block, 59 point histogram was obtained. Thus, total features are 16 X 59 = 944, 

and also 59 features were extracted from the whole image. This way total 944+59 =1003 

point feature vector was generated. Same way, table 4.1 shows the number of feature 

vectors for different sizes of blocks. Algorithm 4.5 explained the process of uniform LBP 

feature extraction from a character image. 

TABLE 4. 1 LBP features 

Block size Total no. of blocks 
= (image size block size)  + whole image 
as a block 

Total number 
of features 

6 X 6 64 + 1 =  65 3835 

8 X 8 36 + 1 = 37 2183 

12 X 12 16 + 1 = 17 1003 

16 X 16 09 + 1 = 10 590 

24 X 24 04 +1 =05 295 

 

Algorithm 4.5: Extraction of Uniform LBP Features 

Input: Binary Image. (size: [64 X 64]) 

Output: LBP feature vector. (length: depended upon block size shown in table 4.1) 

Step 1: Using filter H = [0.1, 0.1, 0.1; 0.1, 0.2, 0.1; 0.1, 0.1, 0.1], convert a binary 

image into a gray scale image. 

Step 2: Resize the grayscale image into 48 X 48 matrix. 

Step 3: Find out uniform LBP code for each pixel of the whole image. 

Step 4: Compute 59 point histogram for obtaining LBP code. 

Step 5: Divide the image into equal size blocks. 

Step 6: Find out uniform LBP code for each pixel of block image. 

Step 7: Compute 59 point histogram for each block image. 

Step 8: Concatenate all computed histograms to obtain a feature vector.  

4.7 Method 6: Center Symmetric Local Binary Pattern. 

The LBP operator produces long histograms and therefore it is difficult to use in the 

context of a region descriptor. To produce more compact binary patterns, only center-

symmetric pairs of pixels are compared. For 8 neighbors, LBP produces 256 different 

binary patterns, whereas Center Symmetric Local Binary Pattern (CSLBP) produced 16 
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patterns. CSLBP is an extension of LBP, in which difference of opposite pixel values is 

taken, if the difference is greater than some predefined threshold value, then assign bit 1 

else assigns bit 0, so the length of the histogram of CSLBP is 16 points, used for moving 

object detection [103] and speaker identification in[106].   

In CSLBP, for pixel (xc, yc), the center symmetric pairs of pixels are compared instead of 

comparing the neighboring pixels with the center pixel, the center symmetric pairs are 

                                 used as shown in figure 4.13. The formula for CSLBP 

calculation is given by equation 4.16. 

                          
 

 

   

           

Where gn is a gray value of neighboring pixels for n= 0, 1, 2…..7, and (xc, yc) is a central 

pixel and function s(x) is defined by equation 4.17. 

      
                       
                       

            

Figure 4.16 shows the generation of CSLBP code. consider the threshold value is 8 and the 

difference between opposite pixel values is calculated like 70-60= 10 and 10 is greater than 

8 so put value 1, the same way the values for other opposite pixels are counted, and the 

binary code is generated. Here, the binary code is 1101 and its equivalent decimal value is 

13.    

 

                      (a)                                               (b)                                               (c) 

FIGURE 4. 16 (a) Input image (b) The CSLBP operator (c) CSLBP coded block 

The procedure of extracting CSLBP features is the same as the LBP Feature extraction. 

The first binary image was converted into a grayscale image using filter function H = [0.1, 

0.1, 0.1; 0.1, 0.2, 0.1; 0.1, 0.1, 0.1], then it was resized into 48 X 48 matrix. After this, it 

was divided into an equal number of blocks and from each block, 16 point histogram was 

obtained and 16 point histogram of the whole image was also concatenated with block 
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image histogram to generate the feature vector. For example, consider the block size is 

12X12. Thus, the image is divided into 16 blocks and the total number of features are 

generated, 16 blocks X 16 features + 16 features of whole image= 272.  Table 4.2 shows 

the number of feature vectors for different sizes of the block. The process of CSLBP 

feature calculation is explained in algorithm 4.6. 

TABLE 4. 2 CSLBP Features 

Block size Total no. of blocks 

= (image size block size)  + whole 

image as a block 

Total number 

of features 

6 X 6 64+1= 65 1040 

8 X 8 36+1=37 592 

12 X 12 16+1=17 272 

16 X 16 9+1=10 160 

24 X 24 4+1=5 80 

 

Algorithm 4.6: Extraction of CSLBP Features 

Input: Binary Image. (size: [64 X 64]) 

Output: CSLBP Features. (length:  depends upon the block size show in table 4.2) 

Step 1: Using filter H = [0.1, 0.1, 0.1; 0.1, 0.2, 0.1; 0.1, 0.1, 0.1], convert the binary 

image into the grayscale image. 

Step 2: Resize the grayscale image into 48 X 48 matrix. 

Step 3: Find out the CSLBP code for each pixel of the whole image. 

Step 4: Compute 16 point histogram from the image. 

Step 5: Divide the image into equal size blocks. 

Step 6: Find out the CSLBP code for each pixel of the block image. 

Step 7: Compute 16 point histogram for each block image. 

Step 8: Concatenate all computed histograms to generate the feature vector.  

4.8 Method 7: Wavelet Transform 

Wavelet features were efficiently used for printed numeral and character recognition 

founded in many kinds of literature [107-111]. Here wavelet features are used for Gujarati 

handwritten numerals and recognition. In the human writing style, it is found that there is 
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so much variability in the degree of character writing. The wavelet feature extraction 

method is invariant to rotation of degree. So, the wavelet transform is usually used for 

representing and analyzing images. The wavelet provides the time-frequency 

representation of the signal. The original image is represented in multi-resolution images 

by wavelet coefficients. A wavelet transform converts the character image into sub-images 

of different resolutions. The overall shape of the image pattern is represented by the coarse 

coefficient of wavelets and the details of the pattern are represented by fine coefficient of 

the image. 

4.8.1 Wavelet Theory 

Using the digital filter series, the Discrete Wavelet Transform (DWT) is achieved at a 

different level. For decomposition of image DWT used analysis filters, while for 

reconstruction, synthesis filters are used. The analysis filters are used for extracting the 

features for classification.  

To analyze the wavelet consider the complex-valued function   satisfy the following two 

conditions: 

i. The function ψ has finite energy that implies  

                      
 

  

 

ii. It is the admissibility condition. 

      
       

   

 

  
                  

Where   is Fourier transform of   . This condition says that if      is smooth, then 

       

The function   called mother wavelet. 

The continuous wavelet transform (CWT) of 1-D f(x) signal is given by equation 4.20 

       
 

  
        

   

 
 

  

  
   …… (4.20) 

Where    denotes complex conjugates of   ,  a is time dilation parameter and b is 

translation parameter. 
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Discrete wavelet transforms (DWT), which transforms a discrete-time signal to a discrete 

wavelet representation. It converts an input series X0, X1, ..Xn-1, into one high-pass wavelet 

coefficient series and one low-pass wavelet coefficient series (of length n/2 each) given by 

equations 4.21 and 4.22. 

              
   
   …..(4.21) 

              
   
   …..(4.22) 

Where sn(Z) and tn(Z) are called wavelet filters, K is the length of the filter and 

i=0,...,[n/2]-1.  

The mother wavelets used for wavelet feature extraction are shown in figure 4.17, which 

are Haar, Biorthogonal (bior1.3), Coiflets 1 (coif1), Daubechies 2 (db2), Daubechies 3 

(db3), Daubechies 4 (db4), fejerkorovkin (fk6), Reverse biorthogonal (rbio 1.1), Symlets 

(sym2) mother wavelets.  

 

FIGURE 4. 17 Different Mother Wavelet 

4.8.2 Wavelet Transform for image processing 

To represent and analyze multiresolution images, wavelet transform is generally used. An 

image is represented by two-dimensional discrete signals. The wavelet transform is applied 

to the first row component of an image and the first level decomposition divided into two 

vertical half components: first half has average coefficients while the second half has detail 

coefficients. Then this process repeated with image columns and finally, it is divided into 

http://wavelets.pybytes.com/wavelet/coif1/
http://wavelets.pybytes.com/family/rbio/
http://wavelets.pybytes.com/family/sym/
http://wavelets.pybytes.com/family/sym/
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four sub-band: [LL, HL, LH, HH]  give an approximation, horizontal detail, vertical detail 

and diagonal detail of the image respectively as shown in figure 4.18 where H(z) is a low 

pass filter and G(Z) is a high pass filter. 

 

FIGURE 4. 18 2-D Wavelet Transform 

Figure 4.18 shows the first level decomposition, while the more level decompositions are 

also used as features. The process of decomposition is shown in figure 4.19. 

 

FIGURE 4. 19 Level Wise Decomposition of Wavelet Transforms 

In this feature extraction method, for extracting wavelet features, first the binary image 

was converted into a grayscale image using filter h=[0.1,0.1,0.1,0.1,0.2,0.1,0.1,0.1,0.1] for 

better feature extraction. The different type of mother wavelet was applied on this 

grayscale image for level 2, level 3, and level 4. Wavelet transforms divided the image into 

four sub-images [LL, LH, HL, HH]. The LL (approximation) component was used as 

features. Table 4.3 shows the number of features at level 2, level 3, and level 4 for different 

mother wavelets. 
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TABLE 4. 3 Features at Level 2, Level3, and Level 4 for Different Mother Wavelet. 

Mother 

wavelet 

Total number of features 

Level 2 Level 3 Level 4 

haar 256 64 16 

bior1.3 361 144 64 

Coif1 361 144 64 

db2 324 100 36 

db3 361 144 64 

db4 441 196 100 

fk6 361 144 64 

rbio1.1 256 64 16 

sym2 324 100 36 

 

Figure 4.20 shows the haar wavelet transform output for Gujarati character ‘k’ at level 2, 

level 3, and level 4. It shows horizontal, vertical, and diagonal components for each level 

of decomposition and approximation component of level 4.  

 

FIGURE 4. 20 Wavelet Decomposition Using Haar Mother Wavelet For Gujarati Character  ‘k’ At 

Level 2, Level 3 And Level 4 
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In this method, the original 64X64 sized was converted into sub-images of size 16X16 in 

level 2, 8X8 in level 3, and 4X4 in level 4. So, total features were taken 256, 64, and 16 at 

levels 2, 3, and 4 respectively using Haar mother wavelet. The process of extraction of 

wavelet features is described in algorithm 4.7. 

Algorithm 4.7: Extraction of Wavelet Features 

Input: Binary Image. (size: [64 X 64]) 

Output: Wavelet feature vector. (length:  depends upon block size shown in table 4.3) 

Step 1: Using filter H = [0.1, 0.1, 0.1; 0.1, 0.2, 0.1; 0.1, 0.1, 0.1], convert a binary 

image into a grayscale image. 

Step 2: Apply different mother wavelet transform to character image up to 4 levels. 

Step 3: Use the approximation component as a feature vector at a different level. 

 

All these feature extraction methods are used to extract the features and the extracted 

features are further used for classification. In the next chapter, results Obtained by these 

feature extraction methods using KNN and SVM classifiers are discussed.  
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Chapter 5 

Performance Evaluation Using KNN Classifier 

5.1 Introduction   

The classification process is the last step for handwritten character recognition. The 

classification is required when it is needed a specific object to allocate a particular group or 

class label depending upon the characteristics that it follows. The purpose of any classifier 

is to recognize the correct class of unknown object pattern using the substantial features of 

that object. For that classifier model is developed by training using the features of each 

class, which holds already labeled objects. The performance of the classifier is highly 

dependent upon the selection of the feature extraction technique and behavior of the 

problem. In this research work, KNN (K-Nearest Neighbor ) and SVM (Support Vector 

Machine) methods are used as classifiers. 

5.2 Performance Evaluation Measurement 

The confusion matrix is one of the most intuitive and useful metrics for evaluating the 

performance of a classifier that provides the concept of how much a classifier can be 

correctly recognized samples of different classes. The confusion matrix is shown in table 

5.1 present the two-class problem. The True Positive indicates that the tasted sample data 

is actually from positive class and also predicates as positive, while False Positive shows 

that the data is coming from the positive class, but it is analyzed as negative. Same way 

False Negative indicates data comes from negative class but classified as positive and the 

True Negative indicates the sample is from negative class and also classified as negative. 
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TABLE 5. 1 Confusion Matrix for Two Class Problem 

 

As the numbers of classes are increasing, it is very difficult to visualize the whole 

confusion matrix, but the details provided by the confusion matrix have been used for 

another performance parameter that better represents the performance of the classifier 

model. These parameters are accuracy, precision, recall, and F1 score.  

5.2.1 Accuracy 

The term accuracy is defined as “the ratio of correctly recognized samples to the total 

number of tested samples”. This parameter works well when the numbers of samples in 

each class are balanced. For example, for one class A, the number of samples are 95% and 

another class B has only 5%, for this, the training accuracy is very good, but the testing 

time, if class A has 60% data and class B has a 40% than accuracy is falling drastically. 

The Accuracy measurement formula is given by equation 5.1. 

         
       

             
          

Where, TP = True Positive 

             TN = True Negative 

             FP = False Positive 

             FN = False Negative 

 5.2.2 Precision 

Precision is defined as “the ratio of correctly classified samples to the number of samples 

predicated on a particular class by classifier”, which is calculated by equation 5.2. 
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5.2.3 Recall 

Recall is defined as “the ratio of the number of correct positive predicated samples to the 

number of all relevant samples”, which is measured by equation 5.3 

       
  

       
          

5.2.4 F1-score 

F1 score is defined as “The Harmonic Mean value of precision and recall” which tells how 

much classifier is precise and robust. The greatest value of the F1 score implies better 

performance of the model. It is expressed mathematically by equation 5.4. 

          
                    

                           
          

5.3 k-Nearest Neighbor 

The KNN (K-Nearest Neighbor algorithm) is one of the straightforward, easy to 

understand, and flexible classification method.  it is considered as the topmost learning 

algorithms used in a variety of applications and used in both regression and classification 

problems. KNN is well-known as a non-parametric and lazy learning algorithm. The 

meaning of non-parametric is no guess for the distribution of primary data. Quite simply, 

the dataset is used to make the structure of the model. All real-world datasets are not 

expressed by mathematically or any theoretical hypothesis, in this type of situation, the 

KKN classifier approach is very convenient. Lazy algorithm indicates that KNN has not 

made any model structure by supervising the training samples and almost entire training 

samples are used at the time of testing. The presented approach particular generates faster 

training phase but makes the costlier plus slower testing. The testing period is costlier 

means the structure consumed lots of time in examining entire training samples and needed 

higher memory space for keeping all samples for testing [112], [113]. 

Working of KNN: 

In KNN, k indicates the amount of closest neighbors which is the main fundamental part of 

the decision factor. It is most preferably to take the odd value for k, it is no matter if there 
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are 2 or n classes, if the value of k is even then there may be a risk of the tie, when a new 

instance comes and also creating confusion about which class will allot to it.  The value of 

k = 1 indicates to assign a label to an unknown pattern by the very nearest training sample 

class.  

 

(a)                                                                (b) 

FIGURE 5. 1 KNN Classifier 

Suppose X is the unknown pattern, for which it is required to predict the class label. For 

that first determine one closest point to X and after that the same class label assigned to X. 

Figure 5.1 shows two classes A and B by green and red color respectively and a new 

pattern is shown by a purple color circle. If k=1 is taken, then a new pattern has been 

allocated in class A as shown in figure 5.1 (a) and if k=3, class B is assigned to a new 

pattern as shown in figure 5.1 (b), because from total three nearest samples, majority 

samples are from class B. The procedure of KNN classification is explained by algorithm 

5.1. 

Algorithm 5.1 KNN Classification 

Input: Training data set, New Pattern 

Output: Class label to the New Pattern 

Step 1: Fill the data. 

Step 2: Initialize the value of k for choosing the number of neighbors. 

Step 3: Calculate the distance between the new pattern and the training set. 

Step 4: Apply sorting on all collected distance value and also arrange them smaller to 

larger with its labels. 

Step 5: Select the first k values from the list. 

Step 6: Obtain first k entries labels. 

Step 7: Apply simply majority rule and assign the class label to a new pattern. 
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Some Advantages and Disadvantages of KNN: 

Advantages: 

 KNN is a very simple algorithm not required any explanation or interpretation. 

 It is the most useful approach for nonlinear data because no assumption for the 

pattern is required. 

 It gives relatively high accuracy, but not preferable compare to supervised 

models. 

 It is useful for regression plus classification as a versatile approach  

Disadvantages: 

 It requires storing all training samples, which needed more memory. 

 Testing is very slower for large amount of samples. 

 It is responsive to unrelated features and the size of the data 

5.4 Performance evaluation for Gujarati character using KNN classifier 

For KNN classification, different distance methods are used. For an m X n data matrix of 

X, appeared as m (1xn) row vectors: x1, x2, ..., xm, the various distances between the 

vector xs and xt are defined as follows: 

Euclidean Distance  

Euclidean distance is one of the most used distance methods. It is just the square root for 

the sum of the distance between the points by each other, which is shown by equation 5.5 

                         
 
 

 

   

            

Cityblock Distance 

Cityblock distance is also known as Manhattan Distance or absolute value distance.  To 

calculate the distance between two data points in a grid-like path is given by equation 5.6. 

 

                       

 

   

 

Cosine distance 

Mostly Cosine distance is used to find similarities between different data. In this the degree 

of angle between two data/vectors is measured. This particular distance is used when the 
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magnitude between data does not matter but the orientation is considered. Equation 5.7 

shows the cosine distance calculation formula.   

      
    

 

     
      

 
          

Correlation distance 

The correlation distance measured by one minus the sample linear correlation between two 

different vectors is given by equation 5.8. 

      
                 

                                    
          

5.5 Gujarati Numeral Classification Performance 

There are a total of 5000 numeral samples in the database. For digit classification fivefold 

cross-validation method is used. The performance measurement parameters for all feature 

extraction method are shown below using the different feature extraction method : 

Method 1: Pixel Count Ratio 

Figure 5.2 shows the accuracy of the pixel count ratio features using different distance 

methods for k=1,3,5 and 7 that uses 64 features for classification. It achieves the highest 

accuracy of 97.18% using the cosine distance method for k=3.  

 

FIGURE 5. 2  Accuracy Measurement of Gujarati Numerals for Pixel Count Ratio 
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Figure 5.3 shows the confusion matrix of the cosine distance method for k=3, which 

indicates the digit ‘8’ is 100% classify correctly, while digit ‘6’ is classified with 93.8 % 

accuracy. The Precision, Recall and F1 score of all classified digits are shown in figure 5.4. 

  0 1 2 3 4 5 6 7 8 9 

0 99.8 0 0 0 0 0 0 0.2 0 0 

1 0 98 0.4 0.4 0 0.2 0.4 0.2 0.4 0 

2 0.6 3.8 95.2 0 0.2 0 0 0 0.2 0 

3 0 0.2 0 97.2 0 0 1 1.6 0 0 

4 0.2 0.2 0.2 0.6 97.4 0.2 0 0 1 0.2 

5 0 1.4 0.2 0 0 98.4 0 0 0 0 

6 0 0.6 0 3.2 0 0 93.8 2.2 0 0.2 

7 3.6 0 0 1.6 0 0 0.6 94.2 0 0 

8 0 0 0 0 0 0 0 0 100 0 

9 0.2 0 0 0.2 0.2 0 0 0 1.6 97.8 

FIGURE 5. 3 Confusion matrix of Cosine Distance Method for k=3  

 

FIGURE 5. 4 Measurement Parameter of Cosine distance method for k=3 

Method 2: Object Gradient 

Figure 5.5 shows the accuracy of the object gradient features by different distance methods 

for k=1,3,5 and 7 that uses 108 features for classification. It achieves the highest accuracy 

of 98.1% using the cityblock distance method for k=3.  
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FIGURE 5. 5 Accuracy Measurement of Object Gradient Method 

Figure 5.6 shows the confusion matrix of the cityblock distance method for k=3, which 

points out that the digit ‘0’ and ‘8’ are 100% classify correctly, while digit ‘6’ and ‘7’ are 

classified with 93.8 % accuracy. The Precision, Recall and F1 score of all classified digits 

are shown in figure 5.7. 

  0 1 2 3 4 5 6 7 8 9 

0 100 0 0 0 0 0 0 0 0 0 

1 0.2 98.2 0.8 0 0 0.2 0.2 0 0.2 0.2 

2 0.4 3.2 96.4 0 0 0 0 0 0 0 

3 0.2 0 0 97.2 0.2 0 1.2 1.2 0 0 

4 0 0 0 0 99 0.2 0 0 0.6 0.2 

5 0 0.2 0 0 0 99.8 0 0 0 0 

6 0 0 0 2.2 0 0 96 1.8 0 0 

7 1 0 0 0.6 0 0.2 2.2 96 0 0 

8 0 0 0 0 0 0 0 0 100 0 

9 0 0 0 0 0 0 0 0 1.2 98.8 

FIGURE 5. 6 Confusion matrix of Cityblock distance method for k=3 

 

 

96 

96.5 

97 

97.5 

98 

98.5 

Euclidean Cityblock Cosine Correlation 

%
 A

cc
u

ra
cy

 

Distance Method 

Accuracy Measurement  

K=1 

K=3 

K=5 

K=7 



  Gujarati Numeral Classification Performance 

96 
 

 

FIGURE 5. 7 Measurement Parameter of Cityblock distance method for k=3 

Method 3: Object Geometry 

Figure 5.8 shows the accuracy of the object geometry features by different distance 

methods for k=1,3,5 and 7 that uses 82 features for classification. It achieves the highest 

accuracy of 90.02% using the cityblock distance method for k=1.  

 

FIGURE 5. 8 Accuracy Measurement of Object Geometry 

Figure 5.9 shows the confusion matrix of the cityblock distance method for k=1, which 

indicates the digit ‘0’ is 98.8% classify correctly while digit ‘2’ is classified with 78.2 % 
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accuracy. The Precision, Recall and F1 score of all classified digits are shown in figure 

5.10. 

  0 1 2 3 4 5 6 7 8 9 

0 98.8 0 0 0.4 0 0.2 0 0.6 0 0 

1 0 83 10 1.2 0 4 0.6 0.4 0.2 0.6 

2 0.8 14.4 78.2 1.4 0 3 0.6 0.8 0.6 0.2 

3 0.6 0.6 0.8 82.8 0.2 0.4 8.8 4.6 0 1.2 

4 0 0.2 0.2 0.6 96.8 0.4 0.8 0 0.4 0.6 

5 0.6 2.2 0.4 0.2 0.4 96.2 0 0 0 0 

6 0.2 0.6 0.6 8.8 0.6 0.2 83.4 4 0.2 1.4 

7 1.8 0 0.2 4.4 0 1 4.8 87.6 0.2 0 

8 0 0 0 0 0.8 0 0.4 0.2 98 0.6 

9 0 0.6 0.4 0.2 1.2 0.2 1.2 0.2 0.6 95.4 

FIGURE 5. 9 Confusion matrix of Cityblock distance method for k=1 

 

FIGURE 5. 10 Measurement Parameter of Cityblock distance method for k=1 

Method 4: Character Profile 

Figure 5.11 shows the accuracy of the character profile features using different distance 

methods for k=1,3,5 and 7 that uses 298 features for classification. It achieves the highest 

accuracy of 95.86 % using the cityblock distance method for k=7. 
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FIGURE 5. 11 Accuracy Measurement of Character Profile 

Figure 5.12 shows the confusion matrix of the cityblock distance method for k=7, which 

points out that the digit ‘8’ is 100% classify correctly while digit ‘6’ is classified with 

83.8% accuracy. The Precision, Recall and F1 score of all classified digits are shown in 

figure 5.13. 

  0 1 2 3 4 5 6 7 8 9 

0 99.2 0 0 0 0 0 0 0 0.6 0.2 

1 0 97.6 1.2 0 0 0.4 0.4 0 0.4 0 

2 0.2 3.8 95 0.2 0 0.2 0 0.2 0.4 0 

3 0.2 0 0 98.2 0 0 0.8 0.8 0 0 

4 0 0 0 0.2 96 0.2 0 0 3.6 0 

5 0 1 0 0 0 99 0 0 0 0 

6 0 1 0 10.4 0.2 0 83.8 1.2 0.6 2.8 

7 3.2 0 0 1.2 0 0 0 95.2 0 0.4 

8 0 0 0 0 0 0 0 0 100 0 

9 0 0 0 0 0 0 0 0 5.4 94.6 

FIGURE 5. 12 Confusion matrix of Cityblock distance method for K=7 
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FIGURE 5. 13 Measurement Parameter of Cityblock distance method for K=7 

Method 5: LBP  

Table 5.2 shows the accuracy of the LBP method for different block sizes of images with 

different radius using different distance methods for k=1,3,5 and 7, which has different 

numbers of features for classification. LBP (12,1) achieve the highest accuracy of 97.92%, 

using the cityblock distance method for k=1. 

Figure 5.14 shows the confusion matrix of LBP (12,1), means block size is 12 and the 

radius is 1, using the cityblock distance method for k=1 that indicates the digit ‘0’ and ‘8’ 

are 100% classify correctly while digit ‘6’ is classified with 95% accuracy. The Precision, 

Recall and F1 score of all classified digits are shown in figure 5.15 
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TABLE 5. 2 Accuracy Measurement of LBP method 

Block Size 
Total No. of 

Features 

Distance 

Method 

Accuracy 

k=1 k=3 k=5 k=7 

LBP (6,1) 3835 

Euclidean 97.74 % 97.68 % 97.68 % 97.36 % 

Cityblock 96.92 % 96.96 % 96.28 % 95.90 % 

Cosine 97.66 % 97.38 % 97.14 % 97.90 % 

Correlation 97.64 % 97.40 % 97.14 % 96.94 % 

LBP (6,2) 3835 

Euclidean 94.60 % 94.50 % 94.52 % 94.48 % 

Cityblock 91.14 % 91.52 % 91.64 % 91.20 % 

Cosine 93.02 % 93.16 % 92.78 % 92.42 % 

Correlation 92.94 % 93.12 % 92.70 % 92.34 % 

LBP (8,1) 2183 

Euclidean 97.60 % 97.60 % 97.50 % 97.38 % 

Cityblock 97.60 % 97.60 % 97.20 % 97.00 % 

Cosine 97.42 % 97.24 % 97.22 % 97.00 % 

Correlation 97.42 % 97.28 % 97.18 % 97.00 % 

LBP (8,2) 2183 

Euclidean 97.10 % 96.86 % 96.94 % 96.90 % 

Cityblock 96.18 % 95.94 % 95.84 % 95.64 % 

Cosine 96.74 % 96.44 % 96.34 % 95.94 % 

Correlation 96.78 % 96.38 % 96.32 % 95.84 % 

LBP (12,1) 1003 

Euclidean 95.90 % 95.98 % 95.94 % 95.78 % 

Cityblock 97.92 % 97.92 % 97.74 % 97.60 % 

Cosine 95.82 % 95.74 % 95.38 % 95.14 % 

Correlation 95.82 % 95.78 % 95.36 % 95.08 % 

LBP (12,2) 1003 

Euclidean 95.70 % 95.72 % 95.62 % 95.64 % 

Cityblock 97.28 % 97.52 % 97.44 % 97.28 % 

Cosine 95.40 % 95.26 % 95.22 % 95.12 % 

Correlation 95.36 % 95.16 % 95.22 % 95.06 % 

LBP (16,1) 590 

Euclidean 93.70 % 93.54 % 93.50 % 93.44 % 

Cityblock 97.80 % 97.58 % 97.62 % 97.42 % 

Cosine 93.50 % 93.32 % 92.98 % 92.64 % 

Correlation 93.44 % 93.26 % 92.84 % 92.52 % 

LBP (16,2) 590 

Euclidean 91.76 % 92.04 % 91.86 % 91.50 % 

Cityblock 97.02 % 97.16 % 97.14 % 96.94 % 

Cosine 91.66 % 91.40 % 91.14 % 90.86 % 

Correlation 91.54 % 91.28 % 91.04 % 90.80 % 

LBP (24,1) 295 

Euclidean 90.56 % 90.10 % 89.64 % 89.62 % 

Cityblock 96.00 % 96.38 % 96.50 % 96.08 % 

Cosine 91.72 % 91.30 % 90.70 % 89.98 % 

Correlation 91.66 % 90.98 % 90.40 % 89.84 % 

LBP (24,2) 295 

Euclidean 88.34 % 87.64 % 87.40 % 86.68 % 

Cityblock 95.70 % 96.12 % 96.10 % 95.94 % 

Cosine 90.44 % 89.34 % 89.24% 88.30 % 

Correlation 90.50 % 89.22 % 88.98 % 88.36 % 
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  0 1 2 3 4 5 6 7 8 9 

0 100 0 0 0 0 0 0 0 0 0 

1 0 98.6 0.6 0 0 0 0 0 0.6 0.2 

2 0.2 2.2 97.2 0 0 0.2 0 0 0.2 0 

3 0.2 0 0 96 0 0 0.6 3.2 0 0 

4 0 0 0 0.2 98.8 0.2 0 0.2 0.6 0 

5 0 0.6 0 0 0 99.4 0 0 0 0 

6 0 0 0 1.6 0 0 95 3.2 0 0.2 

7 1.6 0 0 0.4 0 0 2.4 95.6 0 0 

8 0 0 0 0 0 0 0 0 100 0 

9 0 0 0 0 0 0 0 0 1.4 98.6 

FIGURE 5. 14 Confusion matrix of LBP(12,1) using Cityblock distance method for k=1 

 

FIGURE 5. 15 Measurement Parameter of LBP(12,1) using cityblock distance method for k=1 

Method 6: CSLBP  

Table 5.3 shows the accuracy of the CSLBP method for different block sizes of the image 

by different distance methods for k=1,3,5 and 7 that has a different number of features for 

classification. CSLBP (12) achieves the highest accuracy of 98.46% using the cityblock 

distance method for k=3. 

Figure 5.16 shows the confusion matrix of CSLBP (12) using the cityblock distance 

method for k=3, which points out that the digit ‘8’ is 100% classify correctly while digit ‘6’ 

is classified with 96.2% accuracy. The Precision, Recall and F1 score of all classified 

digits are shown in figure 5.17. 
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TABLE 5. 3 Accuracy Measurement of CSLBP method 

 Block Size Total No. of 

Features 

Distance 

Method 

Accuracy 

k=1 k=3 k=5 k=7 

CSLBP (6)  1040 Euclidean 95.88 % 95.24 % 95.00 % 94.46 % 

Cityblock 97.10 % 97.00 % 96.96 % 96.90 % 

Cosine 96.56 % 96.16 % 96.20 % 95.96 % 

Correlation 96.56 % 96.16 % 96.24 % 95.92 % 

CSLBP (8)  572 Euclidean 97.20 % 97.02 % 96.76 % 96.66 % 

Cityblock 97.92 % 97.66 % 97.58 % 97.62 % 

Cosine 97.68 % 97.50 % 97.52 % 97.12 % 

Correlation 97.64 % 97.50 % 97.44 % 97.12 % 

CSLBP (12)  272 Euclidean 97.68 % 97.56 % 97.56 % 97.18 % 

Cityblock 98.32 % 98.46 % 98.36 % 98.16 % 

Cosine 98.06 % 98.06 % 97.96 % 97.68 % 

Correlation 98.06 % 98.04 % 97.92 % 97.72 % 

CSLBP (16)  160 Euclidean 96.78 % 96.96 % 97.02 % 96.72 % 

Cityblock 97.82 % 97.92 % 97.70 % 97.62 % 

Cosine 97.16 % 97.26 % 97.12 % 96.72 % 

Correlation 97.10 % 97.32 % 97.24 % 96.70 % 

CSLBP (24)  80 Euclidean 94.40 % 94.70 % 95.02 % 94.44 % 

Cityblock 95.42 % 96.00 % 95.64 % 95.46 % 

Cosine 95.30 % 95.54 % 95.38 % 95.14 % 

Correlation 95.28 % 95.56 % 95.50 % 95.16 % 

 

  0 1 2 3 4 5 6 7 8 9 

0 99.8 0 0 0 0 0 0 0.2 0 0 

1 0 99 0.2 0 0 0.4 0 0 0.2 0.2 

2 0.2 2.8 96.6 0.2 0 0.2 0 0 0 0 

3 0 0 0 97.8 0 0 0.6 1.6 0 0 

4 0 0 0 0 99.8 0 0 0 0.2 0 

5 0 1 0 0 0 99 0 0 0 0 

6 0 0 0.2 1.2 0.2 0 96.2 2 0 0.2 

7 1.8 0 0 0.6 0 0.2 0.2 97.2 0 0 

8 0 0 0 0 0 0 0 0 100 0 

9 0 0 0 0 0 0 0 0 0.8 99.2 

FIGURE 5. 16 Accuracy Measurement of CSLBP method using Cityblock distance method for k=3 
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FIGURE 5. 17 Measurement Parameter of Cityblock distance method for k=3 

Method 7: Wavelet Transform 

The accuracy using wavelet transform for level 2, level 3, and level 4 with different mother 

wavelets and their respective number of features for classification are shown in table 5.4, 

table 5.5, and table 5.6 respectively. For level 2 wavelet transform with haar and Rboi1.1 

mother wavelet gives the highest accuracy 95.68% using k=1, For level 3 wavelet 

transform with haar and Rboi1.1 mother wavelet gives the highest accuracy 98.12% using 

k=1 and for level 4 wavelet transform with haar and Rboi1.1 mother wavelet gives the 

highest accuracy 95.06 % using k=3. 

Figure 5.18 shows the confusion matrix of wavelet transforms for level 3 by haar mother 

wavelet using the cosine distance method for k=1, which indicates the digit ‘8’ is 100% 

classify correctly while digit ‘2’ is classified with 96.6% accuracy. The Precision, Recall 

and F1 score of all classified digits are shown in figure 5.19 
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TABLE 5. 4 Accuracy Measurement of Wavelet Transform for level 2 

Mother wavelet 
Total No. of 

Features 

Distance Method 

 

Accuracy 

k=1 k=3 k=5 k=7 

Haar 

 

 

 

256 

 

 

 

Euclidean 95.24% 95.26 % 94.85 % 94.32 % 

Cityblock 94.68% 94.60 % 94.06 % 93.86 % 

Cosine 95.68% 95.64 % 95.68 % 95.28 % 

Correlation 95.60% 95.62 % 95.32 % 95.12 % 

bior1.3 

 

 

 

361 

 

 

 

Euclidean 92.38% 92.66 % 92.84 % 92.56 % 

Cityblock 93.04% 93.16 % 92.78 % 93.10 % 

Cosine 92.50% 92.56 % 92.54 % 92.22 % 

Correlation 92.32% 92.58 % 92.26 % 92.20 % 

Coif1 

 

 

 

361 

 

 

 

Euclidean 93.34% 93.26 % 93.18 % 92.98 % 

Cityblock 93.76% 93.46 % 93.48 % 93.38 % 

Cosine 93.54% 93.14 % 92.60 % 92.78 % 

Correlation 93.36% 93.14 % 92.76 % 92.72 % 

Db2 

 

 

 

324 

 

 

 

Euclidean 93.56% 93.42 % 93.40 % 93.22 % 

Cityblock 93.98% 93.74 % 93.40 % 93.36 % 

Cosine 93.64% 93.44 % 93.44 % 93.12 % 

Correlation 93.38% 93.30 % 93.34 % 93.08 % 

Db3 

 

 

 

361 

 

 

 

Euclidean 92.94% 93.16 % 92.82 % 92.56 % 

Cityblock 93.04% 92.94 % 92.94 % 93.02 % 

Cosine 93.40% 92.84 % 92.68 % 92.36 % 

Correlation 93.32% 92.82 % 92.80 % 92.32 % 

Db4 

 

 

 

64 

 

 

 

Euclidean 93.085 92.86 % 92.74 % 92.54 % 

Cityblock 93.46% 92.86 % 93.02 % 93.08 % 

Cosine 93.00% 92.54 % 92.60 % 92.62 % 

Correlation 92.92% 92.62 % 92.52 % 92.40 % 

Fk6 

 

 

 

361 

 

 

 

Euclidean 93.60% 93.40 % 93.24 % 93.10 % 

Cityblock 93.48% 92.98 % 93.18 % 93.22 % 

Cosine 93.54% 93.30 % 93.06 % 92.80 % 

Correlation 93.24% 93.14 % 92.96 % 92.64 % 

Rbio1.1 

 

 

 

256 

 

 

 

Euclidean 95.24% 95.26 % 94.84 % 94.32 % 

Cityblock 94.68% 94.60 % 94.06 % 93.86 % 

Cosine 95.68% 95.64 % 95.68 % 95.28 % 

Correlation 95.60% 95.62 % 95.32 % 95.12 % 

Sym2 

 

 

 

324 

 

 

 

Euclidean 93.56% 93.42 % 93.40 % 93.22 % 

Cityblock 93.98% 93.74 % 93.40 % 93.36 % 

Cosine 93.64% 93.44 % 93.44 % 93.12 % 

Correlation 93.38% 93.30 % 93.34 % 93.08 % 

 

 



Performance Evaluation Using KNN Classifier 
 

105 
 

TABLE 5. 5 Accuracy Measurement of Wavelet Transform for level 3 

Mother wavelet 

Total 

No. of 

features 

Distance 

Method 

  

Accuracy 

k=1 k=3 k=5 k=7 

Haar 

  

  

  

64 

  

  

  

Euclidean 97.86 % 97.58 % 97.56 % 97.14 % 

Cityblock 97.18 % 97.22 % 97.04 % 96.76 % 

Cosine 98.12 % 97.84 % 97.60 % 97.40 % 

Correlation 98.00 % 97.62 % 97.48 % 97.14 % 

bior1.3 

  

  

  

 144 

  

  

  

Euclidean 91.60 % 91.90 % 91.94 % 91.66 % 

Cityblock 93.78 % 94.08 % 93.92 % 93.50 % 

Cosine 92.04 % 92.08 % 92.18 % 91.76 % 

Correlation 91.84 % 92.00 % 92.06 % 91.72 % 

Coif1 

  

  

  

144 

  

  

  

Euclidean 92.14 % 92.34 % 92.36 % 92.50 % 

Cityblock 93.54 % 94.18 % 94.20 % 93.92 % 

Cosine 92.38 % 92.56 % 92.54 % 92.38 % 

Correlation 92.44 % 92.48 % 92.56 % 92.12 % 

Db2 

  

  

  

100 

  

  

  

Euclidean 93.34 % 92.96 % 92.84 % 92.92 % 

Cityblock 94.22 % 94.34 % 94.20 % 94.00 % 

Cosine 93.50 % 92.90 % 92.98 % 93.08 % 

Correlation 93.26 % 92.92 % 92.92 % 92.84 % 

Db3 

  

  

  

 144 

  

  

  

Euclidean 94.16 % 94.04 % 94.02 % 93.80 % 

Cityblock 93.82 % 94.10 % 93.96 % 93.90 % 

Cosine 94.36 % 93.88 % 93.62 % 93.40 % 

Correlation 94.24 % 93.84 % 93.66 % 93.38 % 

Db4 

  

  

  

 196 

  

  

  

Euclidean 94.24 % 94.20 % 93.76 % 93.50 % 

Cityblock 93.52 % 93.52 % 93.22 % 92.94 % 

Cosine 94.22 % 93.72 % 93.88 % 93.28 % 

Correlation 94.22 % 93.82 % 93.78 % 93.40 % 

Fk6 

  

  

  

144 

  

  

  

Euclidean 94.26 % 94.04 % 93.74 % 93.52 % 

Cityblock 93.66 % 93.84 % 93.50 % 93.86 % 

Cosine 94.02 % 94.02 % 93.42 % 93.14 % 

Correlation 94.06 % 94.04 % 94.42 % 93.18 % 

Rbio1.1 

  

  

  

64 

  

  

  

Euclidean 97.86 % 97.58 % 97.56 % 97.14 % 

Cityblock 97.18 % 97.22 % 97.04 % 96.76 % 

Cosine 98.12 % 97.84 % 97.60 % 97.40 % 

Correlation 98.00 % 97.62 % 97.48 % 97.14 % 

Sym2 

  

  

  

100 

  

  

  

Euclidean 93.34 % 92.96 % 92.84 % 92.92 % 

Cityblock 94.22 % 94.34 % 94.20 % 94.00 % 

Cosine 93.50 % 92.90 % 92.98 % 93.08 % 

Correlation 93.26 % 92.92 % 92.92 % 92.84 % 
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TABLE 5. 6 Accuracy Measurement of Wavelet Transform for level 4 

Mother wavelet 

Total No. 

of  

features 

 Distance 

Method 

  

Accuracy 

k=1 k=3 k=5 k=7 

Haar 

  

  

  

16 

  

  

  

Euclidean 94.50 % 94.98 % 94.10 % 95.06 % 

Cityblock 94.14 % 94.72 % 94.70 % 94.96 % 

Cosine 94.40 % 95.06 % 95.02 % 94.78 % 

Correlation 94.48 % 94.52 % 94.80 % 94.70 % 

bior1.3 

  

  

  

64 

  

  

  

Euclidean 89.72 % 90.00 % 90.02 % 90.04 % 

Cityblock 91.80 % 92.44 % 92.56 % 92.34 % 

Cosine 90.28 % 90.22 % 90.68 % 90.24 % 

Correlation 90.00 % 90.10 % 90.62 % 90.24 % 

Coif1 

  

  

  

 64 

  

  

  

Euclidean 89.72 % 90.08 % 90.12 % 90.10 % 

Cityblock 91.34 % 91.94 % 92.08 % 92.00 % 

Cosine 90.14 % 90.04 % 90.38 % 90.12 % 

Correlation 90.14 % 89.98 % 90.04 % 90.00 % 

Db2 

  

  

  

 36 

  

  

  

Euclidean 91.30 % 91.00 % 91.26 % 91.36 % 

Cityblock 92.12 % 92.72 % 92.84 % 93.02 % 

Cosine 91.62 % 91.54 % 91.60 % 91.40 % 

Correlation 91.54 % 91.72 % 91.80 % 91.34 % 

Db3 

  

  

  

 64 

  

  

  

Euclidean 91.34 % 91.22 % 91.58 % 91.34 % 

Cityblock 91.10 % 91.50 % 91.38 % 91.10 % 

Cosine 91.90 % 91.90 % 91.70 % 91.30 % 

Correlation 91.90 % 91.90 % 91.64 % 91.32 % 

Db4 

  

  

  

 100 

  

  

  

Euclidean 91.74 % 92.16 % 91.58 % 91.40 % 

Cityblock 91.08 % 91.54 % 90.90 % 90.84 % 

Cosine 92.18 % 92.30 % 91.84 % 91.58 % 

Correlation 92.18 % 92.40 % 91.94 % 91.58 % 

Fk6 

  

  

  

 64 

  

  

  

Euclidean 91.76 % 91.76 % 91.88 % 91.42 % 

Cityblock 90.92 % 91.14 % 91.20 % 91.36 % 

Cosine 92.04 % 92.14 % 91.96 % 91.88 % 

Correlation 92.08 % 92.06 % 92.08 % 91.86 % 

Rbio1.1 

  

  

  

 16 

  

  

  

Euclidean 94.50 % 94.98 % 95.10 % 95.06 % 

Cityblock 94.14 % 94.72 % 94.70 % 94.96 % 

Cosine 94.40 % 95.06 % 95.02 % 94.78 % 

Correlation 94.48 % 94.52 % 94.80 % 94.70 % 

Sym2 

  

  

  

 36 

  

  

  

Euclidean 91.30 % 91.00 % 91.26 % 91.36 % 

Cityblock 92.12 % 92.72 % 92.84 % 93.02 % 

Cosine 91.62 % 91.54 % 91.60 % 91.40 % 

Correlation 91.54 % 91.72 % 91.80 % 91.34 % 
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  0 1 2 3 4 5 6 7 8 9 

0 99.8 0 0 0 0 0 0 0.2 0 0 

1 0.2 98.4 0.2 0.2 0 0.2 0.4 0 0.4 0 

2 0.2 2.8 96.6 0 0 0 0 0 0.2 0.2 

3 0 0 0 97.4 0 0 0.8 1.8 0 0 

4 0.2 0 0 0.4 98.8 0.2 0 0 0.4 0 

5 0 1.2 0.2 0 0 98.6 0 0 0 0 

6 0 0 0 2 0 0 94.8 2.8 0 0.4 

7 0.2 0 0 1 0 0 0.6 98.2 0 0 

8 0 0 0 0 0 0 0 0 100 0 

9 0.2 0 0 0 0.2 0 0 0 1 98.6 

FIGURE 5. 18 Confusion matrix of Cosine distance method for k=1 

 

FIGURE 5. 19 Measurement Parameter of Cosine distance method for k=1 

5.6 Gujarati Character Classification Performance 

There is a total of 10000 character samples in a database in which each 40 character has 

250 samples. For character classification fivefold cross-validation is used. The 

performance measurement parameters for all feature extraction methods are shown in the 

next section. 
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Method 1: Pixel Count Ratio 

Figure 5.20 shows the accuracy of the pixel count ratio features using different distance 

methods for k=1,3,5 and 7 that uses 64 features for classification. It achieves the highest 

accuracy of 78.40% using the cosine distance method for k=7.  

 

FIGURE 5. 20 Accuracy Measurement of Pixel Count Ratio for Gujarati Characters 

Figure 5.21 shows the Precision, Recall, and F1 score of all classified characters using the 

cosine distance method for k=7, which shows that the character ‘j’ is 98.8% classify 

correctly, while character ‘k’ is classified with 45.6 % accuracy.  

 

FIGURE 5. 21 Measurement Parameter of Cosine distance method for k=7 
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Method 2: Object Gradient 

Figure 5.22 shows the accuracy of the object gradient features by different distance 

methods for k=1,3,5 and 7 that uses 108 features for classification. It achieves the highest 

accuracy of 89.06% using the cityblock distance method for k=5.  

 

FIGURE 5. 22 Accuracy Measurement of Object Gradient Method 

Figure 5.23 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the character ‘La’ is 98.8% classify 

correctly while character ‘h’ is classified with 67.2% accuracy.  

 

FIGURE 5. 23 Measurement Parameter of Cityblock distance method for k=5 
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Method 3: Object Geometry 

Figure 5.24 shows the accuracy of object geometry features using different distance 

methods for k=1,3,5 and 7, which uses 82 features for classification. It achieves the highest 

accuracy of 67.25% using the cityblock distance method for k=5. 

 

FIGURE 5. 24 Accuracy Measurement of Object Geometry 

Figure 5.25 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the character ‘La’ is 92.8% classify 

correctly while character ‘k’ is classified with 39.6% accuracy. 

 

FIGURE 5. 25 Measurement Parameter of Cityblock distance method for k=5 
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Method 4: Character Profile 

Figure 5.26 shows the accuracy of the character profile features by different distance 

methods for k=1,3,5 and 7, which uses 298 features for classification. It achieves the 

highest accuracy of 77.3 % using the cityblock distance method for k=5. 

 

FIGURE 5. 26 Accuracy Measurement of Object Profile 

Figure 5.27 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the character ‘La’ is 98.8% classify 

correctly while character ‘h’ is classified with 67.2% accuracy. 

 

FIGURE 5. 27 Measurement Parameter of Cityblock distance method for k=5 

 

0 

20 

40 

60 

80 

Euclidean Cityblock Cosine Correlation 

%
 A

cc
u

ra
cy

 

Distance Method 

Accuracy Measurement  

K=1 

K=3 

K=5 

K=7 



        Gujarati Character Classification Performance  
 

112 
 

Method 5: LBP  

TABLE 5. 7 Accuracy Measurement of LBP method 

Block size 
Total No. of 

Features 

Distance 

Method 

Accuracy 

k=1 k=3 k=5 k=7 

LBP (6,1) 3835 

Euclidean 85.28 % 85.29 % 85.99 % 85.79 % 

Cityblock 75.17 % 74.97 % 75.44 % 74.94 % 

Cosine 81.57 % 80.78 % 80.79 % 80.36 % 

Correlation 81.32 % 80.57 % 80.52 % 80.07 % 

LBP (6,2) 3835 

Euclidean 69.81 % 70.18 % 72.41 % 72.99 % 

Cityblock 56.38 % 54.78 % 56.67 % 56.35 % 

Cosine 60.17 % 58.08 % 59.25 % 58.90 % 

Correlation 59.84 % 57.83 % 58.83 % 58.33 % 

LBP (8,1) 2183 

Euclidean 85.90 % 85.92 % 86.50 % 86.05 % 

Cityblock 80.83 % 81.42 % 81.42 % 81.06 % 

Cosine 83.38 % 81.98 % 82.07 % 81.63 % 

Correlation 83.22 % 81.85 % 81.66 % 81.31 % 

LBP (8,2) 2183 

Euclidean 81.61 % 82.30 % 83.01 % 83.22 % 

Cityblock 75.23 % 75.06 % 75.85 % 75.80 % 

Cosine 78.11 % 77.55 % 77.78 % 77.31 % 

Correlation 77.87 % 77.17 % 77.34 % 76.68 % 

LBP (12,1) 1003 

Euclidean 79.65 % 80.08 % 81.24 % 81.03 % 

Cityblock 86.21 % 86.21 % 86.74 % 86.88 % 

Cosine 77.39 % 77.02 % 77.81 % 77.73 % 

Correlation 76.94 % 76.62 % 77.23 % 77.21 % 

LBP (12,2) 1003 

Euclidean 76.43 % 76.76 % 78.17 % 78.40 % 

Cityblock 84.16 % 84.02 % 84.88 % 84.74 % 

Cosine 74.42 % 74.57 % 75.17 % 75.19 % 

Correlation 73.96 % 74.10 % 74.51 % 74.66 % 

LBP (16,1) 590 

Euclidean 74.80 % 73.98 % 75.35 % 75.44 % 

Cityblock 87.05 % 87.58 % 88.12 % 87.91 % 

Cosine 72.90 % 71.50 % 72.16 % 71.81 % 

Correlation 72.37 % 70.91 % 71.17 % 70.74 % 

LBP (16,2) 590 

Euclidean 67.19 % 66.65 % 68.29 % 68.58 % 

Cityblock 83.93 % 84.44 % 85.32 % 85.38 % 

Cosine 66.29 % 64.60 % 66.09 % 66.16 % 

Correlation 65.61 % 64.02 % 65.34 % 65.50 % 

LBP (24,1) 295 

Euclidean 64.02 % 63.70 % 64.92 % 64.85 % 

Cityblock 78.29 % 79.00 % 80.32 % 80.38 % 

Cosine 65.63 % 65.07 % 66.28 % 66.33 % 

Correlation 64.64 % 64.20 % 65.26 % 64.91 % 

LBP (24,2) 295 

Euclidean 59.48 % 57.85 % 59.99 % 59.82 % 

Cityblock 77.77 % 78.88 % 80.45 % 80.62 % 

Cosine 62.85 % 61.72 % 62.83 % 62.79 % 

Correlation 62.77 % 61.69 % 62.63 % 62.52 % 
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Table 5.7 shows the accuracy of the LBP method for different block sizes of images with 

different radius, using different distance methods for k=1,3,5 and 7 which has different no. 

of features for classification. LBP (16,1) achieves the highest accuracy of 88.12% using the 

cityblock distance method for k=5. 

Figure 5.28 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the character ‘}’ is 100% classify 

correctly while character ‘sa’ is classified with 66.4% accuracy. 

 

 

FIGURE 5. 28 Measurement Parameter of cityblock distance method for k=5 

Method 6: CSLBP  

Table 5.8 shows the accuracy of the CSLBP method for different block sizes of the image, 

which has a different number of features for classification. The features were classified 

using different distance methods for k=1,3,5 and 7,  CSLBP (16) achieve the highest 

accuracy of 88.23% using the cityblock distance method for k=7. 

Figure 5.29 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the character ‘ta’ is 99.20% classify 

correctly while character ‘sa’ is classified with 61.6% accuracy. 
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TABLE 5. 8 Accuracy Measurement of CSLBP method 

Block size Total No. of 

Features 

Distance 

Method 

Accuracy 

k=1 k=3 k=5 k=7 

CSLBP (6) 1040 Euclidean 74.10 % 73.83 % 74.98 % 75.19 % 

Cityblock 79.96 % 80.24 % 81.46 % 81.75 % 

Cosine 76.47 % 76.33 % 77.49 % 77.55 % 

Correlation 76.42 % 76.23 % 77.52 % 77.50 % 

CSLBP (8) 572 Euclidean 80.39 % 80.26 % 81.46 % 81.63 % 

Cityblock 83.79 % 84.32 % 85.16 % 84.98 % 

Cosine 81.44 % 81.43 % 82.25 % 82.34 % 

Correlation 81.41 % 81.39 % 82.23 % 82.34 % 

CSLBP (12) 272 Euclidean 83.35 % 83.37 % 84.27 % 84.17 % 

Cityblock 86.90 % 87.25 % 87.65 % 87.60 % 

Cosine 84.34 % 84.49 % 84.97 % 84.98 % 

Correlation 84.34 % 84.41 % 84.86 % 84.91 % 

CSLBP (16) 160 Euclidean 83.24 % 83.26 % 84.07 % 83.85 % 

Cityblock 87.34 % 87.58 % 87.97 % 88.23 % 

Cosine 83.85 % 84.04 % 84.61 % 84.93 % 

Correlation 83.76 % 83.78 % 84.55 % 84.68 % 

CSLBP (24) 80 Euclidean 72.78 % 73.84 % 74.70 % 74.95 % 

Cityblock 76.32 % 77.56 % 78.84 % 79.15 % 

Cosine 78.28 % 75.09 % 76.07 % 76.52 % 

Correlation 73.83 % 74.66 % 75.72 % 76.09 % 

 

 

FIGURE 5. 29Measurement Parameter of Cosine distance method for K=5 
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Method 7: Wavelet Transform 

TABLE 5. 9 Accuracy Measurement of Wavelet Transform for level 2 

Mother 

wavelet 

Total No. of  

Features 

Distance 

Method 

 

Accuracy 

k=1 k=3 k=5 k=7 

Haar 

 

 

 

256 

 

 

 

Euclidean 66.13 % 64.63 % 65.79 % 65.77 % 

Cityblock 62.28 % 61.31 % 62.27 % 61.64 % 

Cosine 70.28 % 70.32 % 72.48 % 73.59 % 

Correlation 68.94 % 68.73 % 70.99 % 71.65 % 

bior1.3 

 

 

 

361 

 

 

 

Euclidean 56.97 % 55.70 % 57.82 % 58.53 % 

Cityblock 58.18 % 56.76 % 59.25 % 59.45 % 

Cosine 59.31 % 59.22 % 61.81 % 62.93 % 

Correlation 58.59 % 58.35 % 61.22 % 61.93 % 

Coif1 

 

 

 

361 

 

 

 

Euclidean 58.95 % 58.40 % 60.58 % 60.99 % 

Cityblock 59.40 % 59.08 % 60.40 % 60.86 % 

Cosine 61.74 % 61.49 % 64.18 % 65.23 % 

Correlation 61.04 % 60.54 % 63.14 % 64.22 % 

Db2 

 

 

 

324 

 

 

 

Euclidean 60.78 % 59.83 % 62.02 % 62.34 % 

Cityblock 60.79 % 59.26 % 61.46 % 61.54 % 

Cosine 64.24 % 64.32 % 66.42 % 67.52 % 

Correlation 63.43 % 63.54 % 65.75 % 66.02 % 

Db3 

 

 

 

361 

 

 

 

Euclidean 59.55 % 58.43 % 60.89 % 61.02 % 

Cityblock 59.48 % 58.44 % 59.90 % 60.00 % 

Cosine 61.91 % 61.87 % 64.65 % 65.40 % 

Correlation 61.39 % 61.18 % 63.86 % 64.39 % 

Db4 

 

 

 

64 

 

 

 

Euclidean 58.11 % 58.18 % 59.50 % 59.98 % 

Cityblock 59.35 % 58.04 % 60.21 % 60.21 % 

Cosine 61.19 % 60.86 % 62.67 % 63.71 % 

Correlation 60.36 % 60.24 % 61.98 % 63.18 % 

Fk6 

 

 

 

361 

 

 

 

Euclidean 60.17 % 58.93 % 60.69 % 60.78 % 

Cityblock 59.43 % 58.19 % 59.79 % 59.87 % 

Cosine 62.63 % 62.91 % 64.78 % 65.51 % 

Correlation 62.04 % 61.76 % 64.14 % 64.56 % 

Rbio1.1 

 

 

 

256 

 

 

Euclidean 66.13 % 64.63 % 65.79 % 65.77 %  

Cityblock 62.28 % 61.31 % 62.27 % 61.64 % 

Cosine 70.28 % 70.32 % 72.48 % 73.59 % 

Correlation 68.94 % 68.73 % 70.99 % 71.65 % 

Sym2 

 

 

 

324 

 

 

 

Euclidean 60.78 % 59.83 % 62.02 % 62.34 % 

Cityblock 60.79 % 59.26 % 61.46 % 61.54 % 

Cosine 64.24 % 64.32 % 66.42 % 67.52 % 

Correlation 63.43 % 63.54 % 65.75 % 66.02 % 
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TABLE 5. 10 Accuracy Measurement of Wavelet Transform for level 3 

Mother 

wavelet 

Total No. of 

features 

Distance 

Method 

  

Accuracy   

k=1 k=3 k=5 k=7 

Haar 

  

  

  

64 

  

  

  

Euclidean 80.65 % 79.72 % 79.84 % 79.68 % 

Cityblock 77.57 % 76.34 % 76.59 % 76.58 %  

Cosine 81.76 % 81.31 % 81.55 % 81.35 %  

Correlation 80.64 % 79.55 % 79.71 % 80.05 %  

bior1.3 

  

  

  

 144 

  

  

  

Euclidean 56.09 % 54.80 % 56.81 % 57.36 %  

Cityblock 60.77 % 60.27 % 62.55 % 63.23 %  

Cosine 56.71 % 55.94 % 58.08 % 58.61 % 

Correlation 56.54 % 55.72 % 57.62 % 58.11 % 

Coif1 

  

  

  

144 

  

  

  

Euclidean 57.52 % 56.57 % 58.88 %    59.65 % 

Cityblock 61.44 % 61.41 % 63.98 % 64.13 % 

Cosine 57.44 % 57.07 % 59.57 % 59.91 % 

Correlation 57.17 % 56.66 % 59.17 % 59.32 % 

Db2 

  

  

  

100 

  

  

  

Euclidean 63.20 % 61.73 % 63.87 % 64.05 % 

Cityblock 65.93 % 65.66 % 67.41 % 68.28 % 

Cosine 63.76 % 62.66 % 64.86 % 65.13 % 

Correlation 62.97 % 61.83 % 63.96 % 64.22 % 

Db3 

  

  

  

 144 

  

  

  

Euclidean 64.70 % 63.29 % 64.84 % 64.84 % 

Cityblock 64.28 % 64.08 % 65.71 % 65.86 % 

Cosine 64.70 % 64.41 % 65.01 % 65.68 % 

Correlation 64.46 % 63.75 % 64.32 % 65.02  % 

Db4 

  

  

  

 196 

  

  

  

Euclidean 61.98 % 61.39 % 63.18 % 63.36 % 

Cityblock 60.95 % 60.85 % 62.54 % 63.30 % 

Cosine 62.13 % 61.94 % 62.90 % 63.34 % 

Correlation 62.29 % 61.57 % 62.81 % 63.24 % 

Fk6 

  

  

  

144 

  

  

  

Euclidean 64.43 % 63.70 % 65.11 % 64.63 % 

Cityblock 63.33 % 63.43 % 65.28 % 65.50 % 

Cosine 64.78 % 64.19 % 65.58 % 65.41 % 

Correlation 64.25 % 63.76 % 64.71 % 65.29 % 

Rbio1.1 

  

  

  

64 

  

  

  

Euclidean 80.65 % 79.72 % 79.84 % 79.68 % 

Cityblock 77.57 % 76.34 % 76.59 % 76.58 % 

Cosine 81.76 % 81.31 % 81.55 % 81.35 % 

Correlation 80.64 % 79.55 % 79.71 % 80.05 % 

Sym2 

  

  

  

100 

  

  

  

Euclidean 63.2 % 61.73 % 63.87 % 64.05 % 

Cityblock 65.93 % 65.66 % 67.41 % 68.28 % 

Cosine 63.76 % 62.66 % 64.86 % 65.13 % 

Correlation 62.97 % 61.83 % 63.96 % 64.22 % 

 

 



Performance Evaluation Using KNN Classifier 
 

117 
 

TABLE 5. 11 Accuracy Measurement of Wavelet Transform for level 4 

Mother 

wavelet 

Total No. of 

features 

Distance 

Method 

  

Accuracy   

k=1 k=3 k=5 k=7 

Haar 

  

  

  

16 

  

  

  

Euclidean 78.75 % 78.67 % 79.27 % 79.18 % 

Cityblock 78.58 % 78.67 % 79.51 % 79.37 % 

Cosine 77.05 % 77.11 % 78.16 % 78.04 % 

Correlation 76.43 % 75.97 % 77.15 % 76.87 % 

bior1.3 

  

  

  

64 

  

  

  

Euclidean 49.90 % 48.77 % 50.64 % 51.33 % 

Cityblock 53.65 % 54.19 % 56.46 % 57.55 % 

Cosine 50.87 % 49.64 % 51.77 % 51.95 %  

Correlation 50.55 % 49.11 % 51.53 % 51.64 %  

Coif1 

  

  

  

 64 

  

  

  

Euclidean 51.07 % 50.25 % 51.88 % 52.65 %  

Cityblock 54.33 % 54.64 % 56.98 % 57.69 %  

Cosine 51.54 % 51.13 % 53.09 % 53.38 %  

Correlation 51.23 % 51.07 % 52.32 % 52.90 %  

Db2 

  

  

  

 36 

  

  

  

Euclidean 57.24 % 56.78 % 58.40 % 58.67 %  

Cityblock 59.89 % 59.75 % 62.24 % 62.84 % 

Cosine 58.41 % 58.17 % 59.81 % 59.63 % 

Correlation 58.02 % 57.58 % 58.82 % 58.93 % 

Db3 

  

  

  

 64 

  

  

  

Euclidean 56.59 % 55.79 % 57.02 % 57.45 % 

Cityblock 56.51 % 55.71 % 57.83 % 58.75 % 

Cosine 56.86 % 55.79 % 57.45 % 57.83 % 

Correlation 56.42 % 55.44 % 56.95 % 57.16 % 

Db4 

  

  

  

 100 

  

  

  

Euclidean 54.33 % 53.58 % 55.20 % 55.09 % 

Cityblock 54.71 % 55.39 % 57.05 % 57.28 % 

Cosine 54.12 % 53.65 % 55.16 % 55.42 % 

Correlation 54.15 % 53.75 % 55.20 % 55.38 % 

Fk6 

  

  

  

 64 

  

  

  

Euclidean 57.44 % 56.83 % 58.12 % 58.56v 

Cityblock 56.04 % 55.67 % 58.00 % 58.79 % 

Cosine 57.84 % 56.94 % 58.84 % 58.81 % 

Correlation 57.58 % 56.52 % 58.28 % 58.32v 

Rbio1.1 

  

  

  

 16 

  

  

  

Euclidean 78.75 % 78.67 % 79.27 % 79.18 % 

Cityblock 78.58 % 78.67 % 79.51 % 79.37 % 

Cosine 77.05 % 77.11 % 78.16 % 78.04% 

Correlation 76.43 % 75.97 % 77.15 % 76.87 % 

Sym2 

  

  

  

 36 

  

  

  

Euclidean 57.24 % 56.78 % 58.40 % 58.67 % 

Cityblock 59.89 % 59.75 % 62.24 % 62.84 % 

Cosine 58.41 % 58.17 % 59.81 % 59.60 % 

Correlation 58.02 % 57.58 % 58.82 % 58.93 % 

 

The accuracy using wavelet transform for level 2, level 3, and level 4 with different mother 

wavelets and their respective number of features for classification are shown in table 5.9, 

table 5.10, and table 5.11 respectively. For level 2 wavelet transform with haar and 

Rboi1.1 mother wavelet gives the highest accuracy 73.59% using k=7, For level 3 wavelet 
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Transform with haar and Rboi1.1 mother wavelet gives the highest accuracy of 81.76% 

using k=1 and for level 4 wavelet transform with haar and Rboi1.1 mother wavelet gives 

the highest accuracy of 79.27% using k=3. Figure 5.30 shows the Precision, Recall and F1 

score of all classified character for level 3 wavelet transform by haar mother wavelet using 

the cosine distance method for k=7, which indicates the character ‘j’ are 99.20% classify 

correctly, while character ‘k’ is classified with 53.20% accuracy.  

 

FIGURE 5. 30 Measurement Parameter of Cityblock distance method for k=7 

5.7 Gujarati Mixed Character-Numeral Classification Performance 

There are a total of 10000 characters and 5000 numerals samples in the database. In the 

Gujarati language, the character ‘pa’ and digit ‘5’, the same way character ‘r’ and digit ‘2’, 

are looking the same. So, when these characters and digits are written separately, no one 

can differentiate between these characters and digits. 

  

FIGURE 5. 31 Gujarati Sentences 
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Figure 5.31 shows two sentences of Gujarati language, the meaning of the first sentence is 

‘Magan plays two times game’, in which numeral ‘2’ and character ‘r’ both seem same, 

while the second sentence indicates ‘Pavan writes five times.’, in which numeral ‘5’ and 

character ‘pa’ seems same. So, these characters and digits are considered in the same class. 

Hence, a total of 48 different classes are considered for the mixed character numeral 

classification.  For this classification fivefold cross-validation is used. The performance 

measurement parameters for all feature extraction method are shown below: 

Method 1: Pixel Count Ratio 

Figure 5.32 shows the accuracy of the pixel count ratio features using different distance 

methods for k=1,3,5 and 7 that uses 64 features for classification. It achieves the highest 

accuracy of 80.92% using the cosine distance method for k=7.  

 

FIGURE 5. 32 Accuracy Measurement of Pixel Count Ratio for Gujarati Characters 

 

FIGURE 5. 33 Measurement Parameter of Cosine distance method for k=7 
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Figure 5.33 shows the Precision, Recall, and F1 score of all classified characters using 

cosine distance method for k=7, which shows that the character ‘8’ is 99.60% classify 

correctly while character ‘k’ is classified with 39.6 % accuracy.  

Method 2: Object Gradient 

Figure 5.34 shows the accuracy of the object gradient feature using different distance 

methods for k=1,3,5 and 7, which uses 108 features for classification. It achieves the 

highest accuracy of 89.81% using the cityblock distance method for k=5.  

 

FIGURE 5. 34 Accuracy Measurement of Object Gradient Method 

 

FIGURE 5. 35 Measurement Parameter of Cityblock distance method for k=5 

Figure 5.35 shows the Precision, Recall and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the numeral ‘0’ and ‘8’ are 100% 

classify correctly while character ‘k’ is classified with 69.2% accuracy  
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Method 3: Object Geometry 

Figure 5.36 shows the accuracy of the object geometry features using different distance 

methods for k=1,3,5 and 7 that uses 82 features for classification. It achieves the highest 

accuracy of 71.38% using the cityblock distance method for k=5. 

 

FIGURE 5. 36 Accuracy Measurement of Object Geometry 

 

FIGURE 5. 37 Measurement Parameter of Cityblock distance method for k=5 

Figure 5.37 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the Numeral ‘0’ is 98.20% classify 

correctly while character ‘k’ is classified with 35.60% accuracy. 

Method 4: Character Profile 

Figure 5.38 shows the accuracy of the object profile features using different distance 

methods for k=1,3,5 and 7 that uses 298 features for classification. It achieves the highest 

accuracy of 79.20 % using the cityblock distance method for k=7. 
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FIGURE 5. 38 Accuracy Measurement of Character Profile 

 

FIGURE 5. 39 Measurement Parameter of Cityblock distance method for k=7 

Figure 5.39 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=7, which shows that the numeral ‘8’ is 98.8% classify 

correctly while character ‘k’ is classified with 28.80% accuracy. 

Method 5: LBP  

Table 5.12 shows the accuracy of the LBP method for different block sizes of images with 

different radius using different distance methods for k=1,3,5 and 7. The different block size 
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has different no. of feature vector for classification. LBP (16,1) achieve the highest 

accuracy of 88.97% using the cityblock distance method for k=5. 

TABLE 5. 12 Accuracy Measurement of LBP method 

Block 

size  

Total No. 

of 

Features 

Distance 

Method 

Accuracy 

k=1 k=3 k=5 k=7 

LBP (6,1) 3835 Euclidean 86.86% 87.01% 87.15% 86.79% 

Cityblock 77.48% 77.29% 76.98% 76.33% 

Cosine 84.03% 83.03% 82.63% 81.89% 

Correlation 83.79% 82.82% 82.40% 81.60% 

LBP (6,2) 3835 Euclidean 73.36% 73.94% 74.89% 74.92% 

Cityblock 60.35% 59.16% 58.85% 58.77% 

Cosine 64.07% 62.94% 62.80% 61.76% 

Correlation 63.78% 62.68% 62.33% 61.37% 

LBP (8,1) 2183 Euclidean 87.4% 87.44% 87.36% 87.40% 

Cityblock 82.91% 82.04% 82.55% 81.98% 

Cosine 85.26% 84.31% 83.85% 83.35% 

Correlation 85.11% 84.12% 83.55% 83.11% 

LBP (8,2) 2183 Euclidean 84.37% 84.65% 84.90% 84.84% 

Cityblock 77.92% 77.46% 77.46% 77.11% 

Cosine 81.03% 80.19% 80.34% 79.70% 

Correlation 80.89% 79.92% 79.89% 79.13% 

LBP 

(12,1) 

1003 Euclidean 82.05% 82.33% 83.30% 83.13% 

Cityblock 87.34% 87.34% 87.53% 87.52% 

Cosine 80.13% 79.33% 80.03% 79.67% 

Correlation 79.77% 78.93% 79.67% 79.13% 

LBP 

(12,2) 

1003 Euclidean 79.93% 80.13% 81.13% 81.26% 

Cityblock 85.73% 85.37% 85.80% 85.48% 

Cosine 78.01% 77.74% 78.33% 77.97% 

Correlation 77.65% 77.30% 77.89% 77.48% 

LBP 

(16,1) 

590 Euclidean 77.81% 77.35% 77.89% 77.93% 

Cityblock 88.44% 88.70% 88.97% 88.89% 

Cosine 76.33% 75.16% 75.14% 74.73% 

Correlation 75.75% 74.44% 74.34% 73.97% 

LBP 

(16,2) 

590 Euclidean 71.51% 70.86% 72.32% 72.59% 

Cityblock 85.87% 86.10% 86.55% 86.57% 

Cosine 70.67% 69.35% 70.00% 69.99% 

Correlation 70.09% 68.77% 69.36% 69.36% 

LBP 

(24,1) 

295 Euclidean 68.61% 68.89% 69.63% 69.51% 

Cityblock 81.38% 82.52% 83.31% 83.14% 

Cosine 70.57% 69.84% 70.70% 70.75% 

Correlation 69.52% 68.96% 69.69% 69.45% 

LBP 

(24,2) 

295 Euclidean 65.37% 63.55% 65.31% 65.09% 

Cityblock 80.93% 82.11% 82.89% 83.55% 

Cosine 68.31% 66.99% 67.77% 67.86% 

Correlation 68.30% 66.75% 67.61% 67.25% 
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Figure 5.40 shows the Precision, Recall, and F1 score of all classified characters using the 

cityblock distance method for k=5, which shows that the numeral ‘8’ is 100% classify 

correctly while character ‘k’ is classified with 61.20% accuracy. 

 

FIGURE 5. 40 Measurement Parameter of cityblock distance method for K=5 

Method 6: CSLBP 

Table 5.13 shows the accuracy of the CSLBP method for different block sizes of the image 

using different distance methods for k=1,3,5 and 7, which has different no. of features for 

classification. CSLBP (16) achieves the highest accuracy of 89.29% using the cityblock 

distance method for k=7. 

 

FIGURE 5. 41 Measurement Parameter of Cosine distance method for K=3 
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Figure 5.41 shows the Precision, Recall, and F1 score of all classified characters of the 

cityblock distance method for k=5, which shows that the numeral ‘0’ is 100% classify 

correctly while character ‘k’ and ‘f’ is classified with 74.40% accuracy. 

TABLE 5. 13 Accuracy Measurement of CSLBP method 

Block Size Total No. of 

Features 

Distance 

Method 

Accuracy 

k=1 k=3 k=5 k=7 

CSLBP (6) 1040 Euclidean 78.04% 77.77% 78.77% 78.58% 

Cityblock 82.72% 83.19% 83.70% 83.87% 

Cosine 80.10% 79.89% 80.95% 80.70% 

Correlation 80.06% 79.87% 80.95% 80.71% 

CSLBP (8) 572 Euclidean 83.05% 83.25% 83.95% 83.82% 

Cityblock 85.89% 86.04% 86.87% 86.59% 

Cosine 84.30% 84.20% 84.82% 84.83% 

Correlation 84.33% 84.15% 84.77% 84.73% 

CSLBP (12) 272 Euclidean 85.75% 85.96% 86.61% 86.38% 

Cityblock 88.51% 88.90% 89.38% 89.05% 

Cosine 86.45% 86.75% 87.08% 86.96% 

Correlation 86.40% 86.63% 87.01% 86.88% 

CSLBP (16) 160 Euclidean 85.34% 85.22% 85.71% 85.53% 

Cityblock 88.46% 88.73% 89.10% 89.29% 

Cosine 85.77% 85.93% 86.28% 86.48% 

Correlation 85.67% 85.75% 86.13% 86.25% 

CSLBP (24) 80 Euclidean 76.97% 77.70% 78.59% 78.57% 

Cityblock 79.67% 80.81% 82.01% 81.95% 

Cosine 77.96% 78.92% 79.74% 79.47% 

Correlation 77.73% 78.61% 79.47% 79.10% 

 

Method 5: Wavelet Transform 

The accuracy using wavelet transform for level 2, level 3, and level 4 with different mother 

wavelets and their respective number of features for classification are shown in table 5.14, 

table 5.15, and table 5.16 respectively.  

For level 2 wavelet transform with haar and Rboi1.1 mother wavelet gives the highest 

accuracy 76.09% using k=7, For level 3 wavelet transform with haar and Rboi1.1 mother 

wavelet gives the highest accuracy 84.03% using k=1 and for level 4 wavelet transform 

with haar and Rboi1.1 mother wavelet gives the highest accuracy 81.62% using k=5. 

Figure 5.42 shows the Precision, Recall and F1 score of all classified characters of wavelet 

transform for level 3 by haar mother wavelet using the cosine distance method for k=1, 
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which points out that the digit ‘8’ is 99.60% classify correctly, while character ‘k’ is 

classified with 41.20% accuracy.  

TABLE 5. 14 Accuracy Measurement of Wavelet Transform for level 2 

Mother 

wavelet 

Total No. of 

Features 

Distance 

Method 

 

Accuracy 

k=1 k=3 k=5 k=7 

Haar 

 

 

 

256 

 

 

 

Euclidean 69.97% 68.56% 69.08% 68.24% 

Cityblock 66.37% 65.00% 65.17% 64.20% 

Cosine 73.75% 74.13% 75.97% 76.09% 

Correlation 72.51% 72.51% 74.07% 74.15% 

bior1.3 

 

 

 

361 

 

 

 

Euclidean 62.37% 61.10% 62.13% 61.72% 

Cityblock 63.17% 62.07% 62.61% 62.21% 

Cosine 64.77% 64.89% 66.46% 66.75% 

Correlation 64.02% 64.15% 65.43% 65.49% 

Coif1 

 

 

 

361 

 

 

 

Euclidean 64.56% 63.63% 64.51% 64.42% 

Cityblock 64.63% 63.85% 64.33% 63.85% 

Cosine 66.81% 66.76% 68.28% 68.38% 

Correlation 65.95% 65.89% 67.27% 67.33% 

Db2 

 

 

 

324 

 

 

 

Euclidean 65.53% 64.48% 65.71% 65.27% 

Cityblock 64.95% 63.84% 64.43% 64.05% 

Cosine 68.62% 68.89% 70.46% 70.87% 

Correlation 67.75% 68.74% 69.24% 69.43% 

Db3 

 

 

 

361 

 

 

 

Euclidean 64.58% 63.32% 64.07% 63.52% 

Cityblock 63.85% 63.04% 63.15% 62.57% 

Cosine 66.96% 67.10% 68.85% 69.12% 

Correlation 66.32% 66.09% 67.89% 67.83% 

Db4 

 

 

 

64 

 

 

 

Euclidean 63.79% 62.49% 63.57% 63.32% 

Cityblock 63.70% 62.99% 63.43% 63.14% 

Cosine 66.20% 65.93% 67.31% 67.81% 

Correlation 65.55% 65.11% 66.40% 66.83% 

Fk6 

 

 

 

361 

 

 

 

Euclidean 65.09% 63.88% 64.22% 63.56% 

Cityblock 63.77% 62.76% 63.00% 62.37% 

Cosine 67.47% 67.63% 69.02% 69.38% 

Correlation 66.76% 66.91% 68.11% 68.14% 

Rbio1.1 

 

 

 

256 

 

 

 

Euclidean 69.97% 68.56% 69.08% 68.24% 

Cityblock 66.67% 65.00% 65.17% 64.20% 

Cosine 73.75% 74.13% 75.97% 76.09% 

Correlation 72.51% 72.50% 74.07% 74.15% 

Sym2 

 

 

 

324 

 

 

 

Euclidean 65.53% 64.48% 65.72% 65.27% 

Cityblock 64.95% 63.84% 64.43% 64.05% 

Cosine 68.62% 68.89% 70.46% 70.87% 

Correlation 67.75% 67.75% 69.24% 69.43% 
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TABLE 5. 15 Accuracy Measurement of Wavelet Transform for level 3 

Mother wavelet Total No. of 

Features 

Distance 

Method 

  

Accuracy   

k=1 k=3 k=5 k=7 

Haar 

  

  

  

64 

  

  

  

Euclidean 83.31% 82.20% 82.24% 81.41% 

Cityblock 79.99% 79.17% 79.11% 78.86% 

Cosine 84.03% 83.59% 83.89% 83.23% 

Correlation 83.01% 81.96% 82.05% 81.83% 

bior1.3 

  

  

  

 144 

  

  

  

Euclidean 62.24% 61.32% 62.77% 62.83% 

Cityblock 66.38% 66.43% 67.70% 68.05% 

Cosine 62.91% 62.25% 63.57% 63.93% 

Correlation 62.51% 61.97% 63.13% 63.25% 

Coif1 

  

  

  

144 

  

  

  

Euclidean 63.63% 62.49% 64.31% 64.19% 

Cityblock 67.17% 67.10% 68.51% 68.49% 

Cosine 64.18% 63.62% 65.25% 65.17% 

Correlation 63.71% 63.23% 64.56% 64.43% 

Db2 

  

  

  

100 

  

  

  

Euclidean 67.97% 67.03% 67.85% 67.81% 

Cityblock 70.12% 69.98% 70.94% 71.05% 

Cosine 68.59% 68.05% 69.14% 69.18% 

Correlation 67.67% 67.20% 68.29% 68.00% 

Db3 

  

  

  

 144 

  

  

  

Euclidean 69.31% 68.35% 69.00% 68.71% 

Cityblock 69.03% 68.73% 69.71% 69.37% 

Cosine 69.41% 69.07% 69.98% 69.74% 

Correlation 68.95% 68.32% 69.03% 68.98% 

Db4 

  

  

  

 196 

  

  

  

Euclidean 67.50% 67.16% 68.04% 67.51% 

Cityblock 66.29% 66.21% 67.26% 67.08% 

Cosine 67.93% 67.25% 68.33% 68.17% 

Correlation 67.87% 66.85% 68.15% 67.80% 

Fk6 

  

  

  

144 

  

  

  

Euclidean 69.34% 68.62% 69.37% 68.60% 

Cityblock 68.41% 68.04% 69.27% 68.86% 

Cosine 69.37% 69.24% 70.14% 69.83% 

Correlation 68.89% 68.71% 69.17% 69.00% 

Rbio1.1 

  

  

  

64 

  

  

  

Euclidean 83.31% 82.20% 82.24% 81.41% 

Cityblock 79.99% 79.17% 79.11% 78.86% 

Cosine 84.03% 83.59% 83.89% 83.23% 

Correlation 83.01% 81.96% 82.05% 81.83% 

Sym2 

  

  

  

100 

  

  

  

Euclidean 67.97% 67.03% 67.85% 67.81% 

Cityblock 70.12% 69.98% 70.94% 71.05% 

Cosine 68.59% 68.05% 69.14% 69.18% 

Correlation 67.67% 67.20% 68.29% 68.00% 
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TABLE 5. 16 Accuracy Measurement of Wavelet Transform for level 4 

Mother wavelet Total No. of 

Features 

Distance 

Method 

  

Accuracy   

k=1 k=3 k=5 k=7 

Haar 

  

  

  

16 

  

  

  

Euclidean 80.72% 80.95% 81.62% 81.38% 

Cityblock 80.28% 80.73% 81.28% 81.30% 

Cosine 79.28% 79.51% 80.42% 80.23% 

Correlation 78.65% 78.83% 79.50% 79.23% 

bior1.3 

  

  

  

64 

  

  

  

Euclidean 56.82% 56.67% 58.16% 58.59% 

Cityblock 60.79% 61.00% 63.27% 63.45% 

Cosine 57.65% 57.21% 58.85% 59.42% 

Correlation 57.42% 56.95% 58.43% 58.89% 

Coif1 

  

  

  

 64 

  

  

  

Euclidean 57.53% 57.20% 58.79% 59.17% 

Cityblock 60.43% 61.47% 63.07% 63.48% 

Cosine 58.67% 58.35% 60.09% 59.81% 

Correlation 58.44% 57.84% 59.45% 59.10% 

Db2 

  

  

  

 36 

  

  

  

Euclidean 63.13% 62.28% 63.63% 64.08% 

Cityblock 65.06% 64.83% 66.93% 67.25% 

Cosine 64.22% 63.99% 64.94% 65.14% 

Correlation 63.88% 63.40% 63.95% 64.20% 

Db3 

  

  

  

 64 

  

  

  

Euclidean 62.23% 61.92% 62.73% 63.08% 

Cityblock 61.84% 61.83% 63.30% 63.48% 

Cosine 62.84% 62.30% 63.17% 63.33% 

Correlation 62.53% 61.89% 62.91% 62.74% 

Db4 

  

  

  

 100 

  

  

  

Euclidean 61.07% 60.87% 61.85% 62.14% 

Cityblock 61.18% 61.24% 62.92% 63.07% 

Cosine 61.36% 60.69% 61.91% 62.07% 

Correlation 61.28% 60.77% 61.87% 61.95% 

Fk6 

  

  

  

 64 

  

  

  

Euclidean 62.87% 62.67% 63.69% 63.76% 

Cityblock 61.35% 61.43% 63.05% 63.31% 

Cosine 63.28% 62.59% 64.23% 64.19% 

Correlation 63.10% 62.49% 63.91% 63.66% 

Rbio1.1 

  

  

  

 16 

  

  

  

Euclidean 80.72% 80.95% 81.62% 81.38% 

Cityblock 80.28% 80.73% 81.28% 81.31% 

Cosine 79.28% 79.51% 80.42% 80.23% 

Correlation 78.65% 78.83% 79.50% 79.23% 

Sym2 

  

  

  

 36 

  

  

  

Euclidean 63.13% 62.28% 63.63% 64.08% 

Cityblock 65.06% 64.83% 66.93% 67.25% 

Cosine 64.22% 63.99% 64.94% 65.14% 

Correlation 63.88% 63.40% 63.95% 64.20% 
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FIGURE 5. 42 Measurement Parameter of Cityblock distance method for K=1 

5.8 Classification for Hybrid Feature Extraction Method 

The recognition accuracy for Gujarati characters and mixed numerals and character is 

achieved by approximately 89%. To increase classification accuracy, the hybrid feature 

extraction based approach is proposed that combined the feature set of two different 

feature extraction methods. 

Table 5.17 shows the hybrid feature extraction methods and the respective total number of 

features. Figure 5.43 shows the performance comparison of Gujarati characters, which 

indicates hybrid features of object gradient and CSLBP with block size 12 gives the 

highest accuracy 92.37% and its Precision, Recall and F1 score of all classified characters 

are shown in figure 5.44 

TABLE 5. 17 Hybrid Feature Extraction methods with its no. of features 

Feature Extraction method Total no. of features 

Object Gradient +LBP(12,1) 1111 

Object Gradient +LBP(16,1) 698 

Object Gradient +CSLBP(12) 380 

Object Gradient +CSLBP(16) 268 

Object Gradient + Wavelet Transform (Haar, level 3) 172 

Object Gradient + Wavelet Transform(db4, level 3 ) 304 
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FIGURE 5. 43 Comparison of accuracy of Hybrid Feature Extraction methods for Gujarati 

Characters 

 

FIGURE 5. 44 Measurement Parameter of the Hybrid method for Gujarati Characters 

Figure 5.45 shows the performance comparison for Gujarati Mixed numeral character, 

which indicates hybrid features of object gradient and CSLBP with block size 12 gives the 

highest accuracy 92.86% and its Precision, Recall and F1 score of all classified characters 

are shown in figure 5.46. 
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FIGURE 5. 45 Comparison of accuracy of the Hybrid Feature Extraction methods for Gujarati Mixed 

numeral-characters 

 

FIGURE 5. 46 Measurement Parameter of the Hybrid method for Gujarati Mixed numeral-character 

5.9 Result Analysis 

In this research work, the problem of Gujarati language HCR is presented, starting with 

Numerals, then characters, and finally covering mixed numerals and characters. At each 

stage, the performance was critically and systematically analyzed to identify problem 

areas. 

Table 5.18 shows the accuracy obtained by the KNN classifier using proposed feature 

extraction methods. 
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TABLE 5. 18 Percentage Accuracy using KNN Classifier for Feature Extraction methods 

Feature Extraction Methods  
Accuracy 

Numerals Characters Mixed 

Pixel Count Ratio 97.18% 78.12% 80.92% 

Object Gradient  98.14% 89.06% 89.81% 

Object Geometry  90.02% 67.25% 71.38% 

Character Profile  95.82% 76.71% 79.20% 

Local Binary Pattern  97.92% 88.12% 88.97% 

Center Symmetric Local Binary Pattern  97.92% 87.65% 89.29% 

Wavelet Transform  97.86% 81.40% 84.03% 

 

K-NN, being lazy, has not a training process and in consequence, it does not try to 

optimize any effective measure. In KNN, the distance between the testing sample and all 

training labeled samples is measured and the label has assigned to test sample based on 

minimum distance. In Gujarati script, so many characters have similar kinds of structural 

property. For example, the character ‘k’, ‘Z’, ‘D’, and ‘h’ have a similar type of curvature 

lines. So, if features are obtained from the zoning based feature extraction method, these 

all characters have the same sort of feature values. A similar type of problem is araised for 

characters ‘A’ and ‘Ka’.  

Table 5.19 shows the confusion matrix of most misclassified characters using the Object 

Geometry feature extraction method. The character ‘k’ is misclassified with character ‘T’, 

‘Z’, ‘D’, ‘d’ and ‘h’ by 0.4%, 3.3%, 46.4%, 1.2%, and 1.6% respectively. The character ‘h’ 

is misclassified with mostly character ‘T’ and ‘d’ by 11.2%, and 17.2% respectively. The 

same way the table 5.20 shows that the character ‘@’ is misclassified with character ‘T’ and 

‘Z’ by 19.6% and 10.4%. 
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TABLE 5. 19 Confusion  Matrix for Similar  kind of Characters 

            હ 

  39.6 0.4 3.2 46.4 1.2 1.6 

  0 88.8 0.4 0.8 5.2 0 

  2 0.4 80 6.8 4.4 0 

  0 0.8 2.8 97.2 0.8 0.8 

  0.4 4.4 3.6 3.2 83.2 0.8 

હ 2 11.2 2.4 3.6 17.2 41.2 

TABLE 5. 20 Confusion  Matrix for ‘T’ and ‘@’ 

        

  88.8 0.4 2.4 

  0.4 80 2 

  19.6 10.4 53.2 

 

The accuracy obtained by each digit using different feature extraction methods is shown in 

table 5.21.  

TABLE 5. 21 Percentage Accuracy of each numeral using different Feature extraction methods 

Numerals Pixel 

count 

ratio 

Object 

Gradient 

Object 

Geometry 

Character 

Profile 

LBP CSLBP Wavelet 

Transform 

0 99.80% 100.00% 98.80% 99.20% 100.00% 99.80% 99.80% 

1 98.00% 98.20% 83.00% 97.60% 98.60% 99.00% 98.40% 

2 95.20% 96.40% 78.20% 95.00% 97.20% 96.60% 96.60% 

3 97.20% 97.20% 82.80% 98.20% 96.00% 97.80% 97.40% 

4 97.40% 99.00% 96.80% 96.00% 98.80% 99.80% 98.80% 

5 98.40% 99.80% 96.20% 99.00% 99.40% 99.00% 98.60% 

6 93.80% 96.00% 83.40% 83.80% 95.00% 96.20% 94.80% 

7 94.20% 96.00% 87.60% 95.20% 95.60% 97.20% 98.20% 

8 100.00% 100.00% 98.00% 100.00% 100.00% 100.00% 100.00% 

9 97.80% 98.80% 95.40% 94.60% 98.60% 99.20% 98.60% 

 

The accuracy obtained by each character using different feature extraction methods is 

shown in table 5.22. The character accuracy was increased by combining the feature 
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extraction techniques. For example, the character ‘Ba’ was classified with 87.20% accuracy 

using gradient features and 80 % by the CSLBP method, but by merging these two features 

(hybrid) extraction methods, it was classified by 91.60% of accuracy. 

TABLE 5. 22 Percentage Accuracy of each character using different Feature extraction methods 

 Characters Pixel 

count 

ratio 

Object 

Gradient 

Object 

Geo-

metry 

Character 

Profile 

LBP CSLBP Wavelet 

Trans-

form 

Hybrid 

Method 

  45.60% 77.60% 39.60% 37.60% 68.80% 82.40% 53.20% 82.40% 

  78.80% 88.80% 62.00% 80.40% 88.80% 92.00% 76.40% 93.20% 

ગ 87.60% 96.80% 90.40% 95.20% 96.40% 92.40% 83.20% 96.80% 

  66.00% 83.20% 57.60% 56.40% 82.40% 84.80% 63.60% 89.20% 

  76.40% 82.00% 40.40% 67.20% 86.80% 79.60% 68.00% 88.40% 

  95.60% 98.00% 74.80% 90.00% 96.40% 96.80% 96.80% 98.00% 

  98.80% 98.80% 93.20% 98.00% 98.80% 98.80% 99.20% 98.80% 

  82.00% 90.80% 62.40% 88.40% 90.80% 89.60% 86.40% 94.40% 

  93.60% 99.20% 88.80% 99.20% 99.20% 98.80% 94.80% 98.80% 

  84.80% 94.80% 80.00% 91.20% 96.00% 96.40% 86.80% 98.00% 

  88.00% 97.20% 85.20% 98.40% 96.80% 96.40% 84.80% 98.00% 

  74.00% 83.20% 53.20% 72.40% 87.20% 88.40% 85.60% 87.60% 

ણ 79.20% 90.40% 78.40% 78.40% 88.00% 83.60% 80.80% 91.60% 

  82.80% 97.60% 82.00% 98.80% 98.00% 99.20% 90.80% 99.20% 

  72.40% 72.00% 61.20% 69.20% 72.40% 77.60% 75.20% 80.00% 

  96.00% 98.00% 83.20% 97.20% 97.60% 98.80% 92.80% 98.80% 

  76.40% 90.80% 72.80% 84.80% 92.00% 95.20% 79.60% 95.20% 

  71.20% 86.80% 78.00% 78.00% 87.60% 87.60% 79.60% 92.80% 

  74.40% 98.80% 81.60% 97.60% 97.20% 94.00% 77.20% 98.00% 

  65.60% 73.60% 39.60% 63.20% 78.40% 80.80% 78.40% 86.40% 

  75.20% 82.00% 49.20% 72.80% 86.80% 82.80% 71.60% 89.20% 



Performance Evaluation Using KNN Classifier 
 

135 
 

  76.40% 87.20% 63.20% 60.00% 84.00% 80.00% 78.40% 91.60% 

  71.60% 90.80% 75.20% 66.40% 88.80% 90.00% 76.00% 93.60% 

  56.80% 84.00% 56.80% 54.40% 76.40% 71.60% 68.40% 83.20% 

  89.20% 90.80% 66.00% 86.40% 90.40% 89.60% 91.60% 94.80% 

લ 77.60% 88.80% 81.20% 82.80% 87.60% 88.80% 76.80% 92.40% 

  75.60% 92.80% 58.40% 87.60% 93.20% 91.20% 81.60% 96.80% 

શ 74.00% 86.80% 56.40% 70.40% 84.80% 78.40% 74.40% 89.20% 

  58.00% 85.60% 66.00% 66.00% 80.00% 84.80% 67.20% 88.80% 

  58.80% 77.60% 44.00% 43.20% 66.40% 61.60% 65.60% 82.80% 

હ 72.00% 67.20% 41.20% 58.00% 71.20% 76.80% 80.00% 75.60% 

  92.40% 100.00% 92.80% 93.20% 99.60% 98.40% 96.00% 100.00% 

  70.80% 91.20% 67.60% 80.00% 87.20% 90.40% 80.00% 93.60% 

  85.60% 89.20% 55.20% 68.00% 89.60% 89.60% 86.40% 93.60% 

  60.40% 72.40% 28.40% 43.20% 67.60% 63.60% 71.20% 78.00% 

  90.40% 97.60% 81.20% 95.60% 95.20% 95.20% 94.40% 96.80% 

  98.00% 98.40% 92.40% 95.20% 98.00% 98.40% 98.00% 99.20% 

  97.60% 98.80% 86.40% 90.80% 100.00% 98.80% 96.80% 100.00% 

  87.60% 94.80% 73.60% 70.40% 93.20% 94.40% 93.60% 96.00% 

  78.80% 88.00% 50.40% 66.00% 85.20% 91.60% 89.20% 94.00% 

 

The accuracy obtained by each numeral and character using different feature extraction 

methods is shown in table 5.23 for mixed classification. The character accuracy was 

increased by combining the feature extraction techniques. Here, for the hybrid feature 

extraction method, the feature set of gradient and CSLBP features were merged to increase 

the accuracy of the classifier. 
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TABLE 5. 23 Percentage Accuracy of each character numeral using different Feature extraction 

methods 

Mixed Pixel 

count 

ratio 

Object 

Gradient 

Object 

Geometry 

Character 

Profile 

LBP CSLBP Wavelet 

Transform 

Hybrid 

Method 

  39.60% 69.20% 35.60% 28.80% 61.20% 74.40% 41.20% 75.60% 

  75.60% 86.40% 62.40% 68.40% 86.80% 88.40% 75.60% 90.40% 

ગ 86.80% 97.20% 87.20% 94.00% 96.40% 92.00% 82.80% 98.40% 

  64.40% 84.00% 58.40% 49.20% 83.20% 86.00% 63.60% 88.80% 

  74.40% 82.00% 40.40% 62.00% 85.20% 78.80% 69.20% 86.40% 

  91.20% 97.20% 68.80% 82.80% 96.00% 96.80% 93.60% 96.80% 

  67.60% 84.80% 78.00% 78.00% 81.20% 84.40% 73.60% 85.60% 

  72.00% 84.00% 60.40% 64.00% 82.80% 82.80% 76.80% 88.40% 

  86.80% 97.60% 79.20% 96.80% 97.20% 94.40% 91.60% 98.40% 

  83.60% 95.20% 80.40% 90.40% 95.20% 96.40% 86.40% 98.00% 

  77.60% 94.40% 74.40% 93.60% 91.60% 85.60% 71.20% 91.20% 

  69.20% 78.80% 49.60% 66.80% 81.60% 83.20% 78.80% 86.00% 

ણ 78.00% 89.20% 77.60% 73.60% 88.00% 82.40% 80.00% 92.80% 

  80.80% 96.40% 82.00% 91.20% 97.60% 97.20% 90.40% 98.80% 

  60.40% 68.00% 56.00% 58.80% 67.60% 73.60% 70.80% 78.80% 

  94.00% 95.20% 81.20% 93.60% 96.80% 97.60% 90.40% 98.40% 

  75.60% 90.00% 73.20% 80.40% 92.00% 95.60% 78.80% 94.00% 

  70.80% 86.80% 78.00% 76.80% 86.80% 87.60% 80.40% 90.40% 

  90.67% 97.87% 90.13% 98.93% 98.53% 97.33% 88.40% 98.13% 

  62.00% 70.40% 41.20% 56.00% 74.40% 78.80% 75.60% 80.80% 

  76.80% 80.00% 51.60% 70.40% 86.00% 82.40% 74.40% 89.20% 

  73.20% 86.80% 63.20% 59.20% 82.40% 81.20% 77.60% 90.40% 

  68.80% 88.80% 71.60% 62.80% 86.80% 89.60% 77.20% 90.40% 

  48.80% 78.80% 53.60% 52.40% 73.60% 68.80% 64.00% 77.60% 
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  94.93% 93.60% 72.40% 93.73% 92.67% 94.80% 95.87% 96.93% 

લ 72.40% 89.20% 80.40% 76.40% 86.40% 87.60% 77.20% 91.20% 

  72.00% 87.60% 53.60% 83.20% 88.40% 85.60% 80.40% 93.20% 

શ 76.00% 87.20% 54.80% 70.00% 82.80% 78.40% 77.20% 89.20% 

  50.40% 80.40% 56.40% 54.40% 74.00% 82.00% 61.20% 86.80% 

  55.60% 77.20% 44.40% 42.00% 66.40% 62.80% 64.40% 80.80% 

હ 70.80% 62.00% 35.60% 54.00% 64.00% 74.40% 77.60% 76.40% 

  92.00% 99.60% 91.60% 92.80% 98.80% 99.20% 94.80% 99.60% 

  67.20% 90.00% 64.40% 77.20% 86.40% 87.60% 77.60% 93.60% 

  81.60% 90.00% 56.80% 63.20% 89.20% 88.40% 89.60% 94.40% 

  61.60% 70.00% 29.60% 41.20% 66.00% 63.60% 70.80% 80.80% 

  89.60% 97.20% 76.80% 88.00% 96.00% 94.80% 94.40% 97.60% 

  91.60% 96.80% 88.80% 85.60% 96.40% 96.80% 93.60% 97.20% 

  95.20% 99.20% 84.40% 88.80% 99.20% 98.80% 96.40% 100.00% 

  88.00% 94.80% 73.20% 67.60% 94.00% 94.80% 93.20% 97.20% 

  80.80% 86.00% 50.40% 68.00% 87.60% 92.00% 90.80% 94.00% 

  
99.80% 100.00% 98.20% 99.00% 99.80% 100.00% 99.60% 100.00% 

  
90.00% 94.40% 79.60% 92.80% 95.60% 95.00% 93.20% 96.40% 

  
94.60% 95.00% 75.40% 96.80% 94.80% 94.60% 94.40% 97.40% 

  
92.40% 97.40% 89.60% 95.20% 98.20% 98.00% 89.60% 98.40% 

  
73.40% 85.20% 64.00% 65.00% 81.60% 81.00% 73.40% 87.40% 

  
91.60% 94.20% 82.60% 92.20% 92.40% 91.20% 95.20% 96.00% 

  
99.60% 100.00% 96.40% 100.00% 100.00% 99.80% 99.60% 100.00% 

૯ 
96.60% 96.80% 89.20% 94.80% 97.00% 98.40% 97.80% 98.80% 
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Chapter 6 

Performance Evaluation Using SVM Classifier 

6.1 Support Vector Machine 

A Support Vector Machine (SVM) is a discriminating as well as a supervised classifier that 

can be used for regression, classification, or many other tasks. Mostly for solving the 

classification problem, SVM is considered as the best approach. The main aim of the SVM 

classifier is to search out the hyperplane that distinctly classified data points in N-

dimensional feature space [114-116]. Commonly, the SVM algorithm sorted out the given 

labeled training data into different groups. In a two-class problem, the whole feature space 

is divided into two parts by a single hyperplane where data can lay on either side of the 

plane.  

 

FIGURE 6. 1 Separation of Hyperplanes. 
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Figure 6.1 shows three different hyperplanes named  H1, H2, and H3. The hyperplane H1 

is not able to divide the data into two classes, while hyperplane H2 divided those data into 

two classes with little margin. The hyperplane H3 can divide the data with an improved 

margin than plane H2. Now for design the model considers the normal vector to the 

hyperplane is represented by W  and b is represented the distance from the origin as shown 

in figure 6.2. Here two classes are considered, a class A where the sample points are below 

the hyperplane and assigned the value +1 and for upper sample points, class B is 

considered and assigned the value -1. Thus, now to make the decision for the new sample 

x, which is taken from the following equation 6.1, 

                    

         
           

           
  

the distance between x and hyperplane is measured by equation 6.2,  

    

   
          

Thus, D(x1) and D(x2)  have opposite signs (belong to different sets) if and only if x1 and 

x2 are laying opposite sides of the hyperplane.  

 

FIGURE 6. 2 Example of the separating hyperplane (in two dimensions), distances and margins 

Let consider the sample points are represented by x1, …, xp and their individual classes are  

represented by y1, …, yp where, 
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Algorithm 6.1 SVM Classification 

Input: Training data set, New Pattern 

Output: Class label to the New Pattern 

Step 1: Load the data. 

Step 2: Prepare the pattern matrix. 

Step 3: Select the kernel function. 

Step 4: Decide the kernel function parameter and the value of C. 

Step 5: Execute the training algorithm and obtain the model. 

Step 6: Unseen patterns can be classified using this trained model of the classifier 

Some advantages and disadvantages of SVM: 

Advantages: 

 It is truly efficient in the larger dimension data. 

 Effectual while the number of features is higher than training samples. 

 Most excellent approach for separable classes.  

 The support vectors affect hyperplane. So, outliers have a smaller amount of effect. 

 In a binary classification, SVM obtains great achievement. 

Disadvantages: 

1. It required more time for training when the amount of data is high. 

2. It doesn’t well performed in the case of overlie class. 

3. The crucial selection of hyperparameters is needed for efficient performance. 

4. The section of suitable kernel function is a very difficult task. 

6.2 Performance Evaluation for Gujarati Character using SVM classifier 

Kernal function: 

SVM kernel is defined by the group of mathematical operations. The kernel aims to change 

input data into the required form. Different types of kernel functions are used in different 

SVM methods such as Nonlinear, Lineal, Radial Basis Function (RBF), Polynomial, 

Quadratic, etc. for images, text, graphs, sequence data, and vectors. The RBF kernel 

function is very popular amongst all kinds of kernels since it has finite and localized 

reactions along the complete x-axis [114]. 
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The required feature space can be generated by the kernel functions applying inner product 

among two points, this way it generates a notable similarity through very less 

computational cost. 

The different kernel function used for SVM classification given by considering two data 

points x = {x1, x2} and z = {z1, z2} than kernel operations represented by equation 6.4 

where d is degree. 

Linear                             K(x,z) = x
T
z  

Quadratic                        K(x,z) = (1+x
T
z)

2
 

Polynomial                     K(x,z) = (1+x
T
z)

d
 

RBF                                K(x,z) = exp-(||x-z||
2 

/(2σ
2
)) … … … (6.4) 

The measurement parameters used for classification are described in chapter 5 

6.3 Gujarati Numeral Classification Performance 

There is a total of 5000 numeral samples in the database. For digit classification fivefold 

cross-validation is used. The performance measurement parameters for all feature 

extraction method are shown below: 

Method 1: Pixel Count Ratio 

Figure 6.3 shows the accuracy of the pixel count ratio method using different kernels that 

uses 64 features for classification.  It achieved the highest accuracy of 96.90% with RBF 

kernel using the value of sigma=10 and box constraint =100.  

 

 

FIGURE 6. 3 Accuracy Measurement of Pixel Count Ratio
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Figure 6.4 shows the confusion matrix of the pixel count ratio method for RBF kernel, 

which shows to the digit ‘8’ is 99.8 % classify correctly while digit ‘6’ is classified with 

93.4 % accuracy. The Precision, Recall and F1 score of all classified digits are shown in 

figure 6.5. 

  0 1 2 3 4 5 6 7 8 9 

0 98 0 0 0 0 0 0 0.4 0 1.6 

1 0 96 0.2 0 0 0.4 0.4 0 0.2 2.8 

2 0 1.2 96.4 0 0.4 0 0 0 0 2 

3 0 0 0 94.8 0 0 1 0.6 0 3.6 

4 0 0.2 0.2 0.2 98 0.2 0 0 0 1.2 

5 0 0.4 0.2 0 0.2 97.6 0 0 0 1.6 

6 0 0.4 0 1.4 0.4 0 93.4 0.6 0 3.8 

7 0.2 0 0.2 0 0 0 0.4 96.2 0 3 

8 0 0 0 0 0 0 0 0 99.8 0.2 

9 0 0.2 0 0 0 0 0.4 0 0.6 98.8 

FIGURE 6. 4 Confusion matrix of Pixel Count Ratio method for RBF kernel 

 

FIGURE 6. 5 Measurement Parameter of Pixel Count Ratio method for RBF kernel 

Method 2: Object Gradient 

Figure 6.6 shows the accuracy of the object gradient method using different kernels, which 

uses 108 features for classification. It achieved the highest accuracy of 98.72% with RBF 

kernel using the value of sigma=10 and box constraint =100.  

75.00% 

80.00% 

85.00% 

90.00% 

95.00% 

100.00% 

0 1 2 3 4 5 6 7 8 9 

%
 M

ea
su

re
m

en
t 

P
a

ra
m

et
er

  

No. of Group 

Recall 

Precision 

F1 Score 



Performance Evaluation Using SVM Classifier 
 

143 
 

 

FIGURE 6. 6 Accuracy Measurement of Object Gradient 

Figure 6.7 shows the confusion matrix of the object gradient method for RBF kernel, 

which points out that most of the digits are classified correctly with 99.80%  accuracy 

while digit ‘2’ is classified with 96.20% accuracy. The Precision, Recall and F1 score of all 

classified digits are shown in figure 6.8 

  0 1 2 3 4 5 6 7 8 9 

0 99.8 0 0 0 0 0 0 0 0 0.2 

1 0 99.4 0 0 0 0 0 0 0.2 0.4 

2 0 1.2 96.2 0 0 0 0 0 0 2.6 

3 0 0 0 98.2 0 0 0.2 0 0 1.6 

4 0 0 0 0 99.6 0 0 0 0 0.4 

5 0 0 0 0 0 99.8 0 0 0 0.2 

6 0 0.4 0 0.4 0 0 96.6 0.4 0 2.2 

7 0 0 0 0.2 0 0 0.2 98 0 1.6 

8 0 0 0 0 0 0 0 0 99.8 0.2 

9 0 0 0 0 0 0 0 0 0.2 99.8 

FIGURE 6. 7 Confusion matrix of Object Gradient method for RBF kernel 
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FIGURE 6. 8 Measurement Parameter of Object Gradient method for RBF Kernel 

Method 3: Object Geometry 

Figure 6.9 shows the accuracy of the object geometry method using different kernels, 

which uses 82 features for classification. It achieved the highest accuracy of 92.06% with 

RBF kernel using the value of sigma=10 and box constraint =100.  

 

FIGURE 6. 9 Accuracy Measurement of Object Geometry 

Figure 6.10 shows the confusion matrix of the object geometry method for RBF kernel, 

which shows the digit ‘0’ is 98.6 % classify correctly while digit ‘2’ is classified with 79 % 
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accuracy. The Precision, Recall and F1 score of all classified digits are shown in figure 

6.11. 

  0 1 2 3 4 5 6 7 8 9 

0 98.6 0 0 0.4 0 0 0 0.6 0 0.4 

1 0 94 3 0 0 0.6 0.4 0 0.2 1.8 

2 0 15.8 79 0.4 0 0.4 0 0.2 0 4.2 

3 0.2 0.4 0.2 91.8 0 0 3 2.2 0 2.2 

4 0 0.4 0.2 0.6 97.6 0 0 0 0.4 0.8 

5 0 3.2 0.6 0 0 95.8 0 0 0 0.4 

6 0 0.4 0 9.8 0.2 0 84.4 1.2 0 4 

7 1.2 0 0.6 7 0 0.2 3.8 84.4 0 2.8 

8 0 0 0.2 0 0.6 0 0.2 0 98 1 

9 0 0.2 0.4 0.4 0.6 0 0.6 0.2 0.6 97 

FIGURE 6. 10 Confusion matrix of Object Geometry method for RBF kernel 

 

FIGURE 6. 11 Measurement Parameter of Object Geometry method for RBF kernel 

Method 4: Character Profile 

Figure 6.12 shows the accuracy of the character profile method using different kernels, 

which uses 298 features for classification. It achieved the highest accuracy of 92.74% with 

quadratic kernel. Figure 6.13 shows the confusion matrix of the character profile method 

for quadratic kernel, which indicates that the digit ‘9’ is 99.8 % classify correctly while 

digit ‘6’ is classified with 84.4 % accuracy. The Precision, Recall and F1 score of all 

classified digits are shown in figure 6.14. 
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FIGURE 6. 12 Accuracy Measurement of Character Profile 

  0 1 2 3 4 5 6 7 8 9 

0 97.6 0 0 0 0 0 0 0.2 0 2.2 

1 0 92.4 0.4 0 0 0.8 0 0 0 6.4 

2 0 2.8 87.6 0.2 0 0.2 0 0 0 9.2 

3 0 0 0 89.8 0 0 0.8 1.2 0 8.2 

4 0 0 0 0.6 93.8 0 0.2 0 0 5.4 

5 0 0 0.2 0 0 94.6 0 0 0 5.2 

6 0 0.2 0.6 0.8 0 0 84.4 0.4 0 13.6 

7 0.6 0.2 0.4 0.6 0 0 0.6 88.8 0.2 8.6 

8 0 0 0 0 0.4 0 0.2 0 98.6 0.8 

9 0 0 0 0 0 0 0 0 0.2 99.8 

FIGURE 6. 13 Confusion matrix of Character Profile method for Quadratic kernel 

 

FIGURE 6. 14 Measurement Parameter of Character Profile method for Quadratic kernel 
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Method 5: LBP  

Table 6.1 shows the accuracy of the LBP method for different block sizes of image with 

different radius by linear, quadratic, and RBF kernels, which has different numbers of 

features for classification. LBP (16,2) achieve the highest accuracy of 98.46 % with RBF 

kernel using the value of sigma=26 and box constraint =100.  

TABLE 6. 1 Accuracy Measurement of LBP method 

Block Size 
Total No. of 

Features 

Accuracy 

Linear Quadratic RBF 

LBP (6,1) 3835 97.18% 94.02% 45.74% 

LBP (6,2) 3835 93.40% 71.68% 32.20% 

LBP (8,1) 2183 97.60% 96.50% 88.66% 

LBP (8,2) 2183 96.72% 92.92% 84.88% 

LBP (12,1) 1003 97.50% 97.64% 98.20% 

LBP (12,2) 1003 97.36% 97.00% 97.74% 

LBP (16,1) 590 96.60% 97.78% 98.12% 

LBP (16,2) 590 97.36% 98.18% 98.46% 

LBP (24,1) 295 92.56% 96.08% 96.62% 

LBP (24,1) 295 94.52% 97.48% 96.62% 

 

Figure 6.15 shows the confusion matrix of the LBP method with block size 16 and radius 2 

for the RBF kernel, which described that most of the digits are correctly classified with 

higher accuracy. The Precision, Recall and F1 score of all classified digits are shown in 

figure 6.16. 

  0 1 2 3 4 5 6 7 8 9 

0 99 0 0 0 0 0 0 0.4 0 0.6 

1 0.2 97.4 0.2 0 0 0 0 0 0 2.2 

2 0 1.6 96.2 0 0 0 0 0 0 2.2 

3 0 0 0 97.8 0 0 0.4 0 0 1.8 

4 0 0 0 0 99.4 0 0 0 0 0.6 

5 0 0 0.2 0 0 99.8 0 0 0 0 

6 0 0.2 0 0.4 0 0 98 0 0 1.4 

7 0.4 0 0 0 0 0 0 97.4 0 2.2 

8 0 0 0 0 0 0 0 0 99.8 0.2 

9 0 0 0 0 0 0 0 0 0.2 99.8 

FIGURE 6. 15 Confusion matrix of LBP (16,2) for RBF kernel
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FIGURE 6. 16 Measurement Parameter of LBP (16,2) method for RBF kernel 

Method 6: CSLBP  

Table 6.2 shows the accuracy of the CSLBP method for different block sizes of image with 

different radius by linear, quadratic, and RBF kernels, which has different numbers of 

features for classification. LBP (12) achieves the highest accuracy of 97.34% using 

quadratic kernel. 

TABLE 6. 2 Accuracy Measurement of CSLBP method 

 Block size Total No. of 

Features 

Accuracy 

Linear Quadratic RBF 

CSLBP (6) 1040 95.86% 93.90% 92.62% 

CSLBP (8) 572 96.02% 96.36% 96.44% 

CSLBP (12) 272 95.82% 97.34% 97.28% 

CSLBP (16) 160 93.60% 97.12% 96.82% 

CSLBP (24) 80 86.56% 93.00% 93.04% 

 

  0 1 2 3 4 5 6 7 8 9 

0 99.4 0 0 0 0 0 0 0 0 0.6 

1 0 96.8 0.2 0 0 0 0 0 0 3 

2 0 1.6 95 0 0.2 0 0 0 0 3.2 

3 0 0 0 96 0 0 0.2 0.6 0 3.2 

4 0.2 0 0 0.4 98.4 0 0 0 0 1 

5 0 0.4 0 0 0 98.2 0 0.2 0 1.2 

6 0 0 0 1 0 0 96 0.6 0 2.4 

7 0.2 0 0 0.4 0 0.4 0.4 94.4 0 4.2 

8 0 0 0 0 0 0 0 0 99.2 0.8 

9 0 0 0 0 0 0 0.2 0 0.4 99.4 

FIGURE 6. 17 Confusion matrix of CSLBP (12) for quadratic kernel 
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Figure 6.17 shows the confusion matrix of the CSLBP method with block size 12 for the 

quadratic kernel, which points out that most of the digits are correctly classified with 

higher accuracy. The Precision, Recall and F1 score of all classified digits are shown in 

figure 6.18. 

 

FIGURE 6. 18 Measurement Parameter of CSLBP method for Quadratic kernel 

Method 7: Wavelet Transform 

The accuracy using wavelet transform for level 2, level 3, and level 4 with different mother 

wavelets and their respective number of features for classification are shown in table 6.3, 

table 6.4, and table 6.5 respectively. For level 2 wavelet transform using haar and Rboi1.1 

mother wavelet gives the highest accuracy 96.76% by the quadratic kernel, for level 3 

wavelet transform using haar and Rboi1.1 mother wavelet gives the highest accuracy 

97.76% by the quadratic kernel and for level 4 wavelet transform using db4 mother 

wavelet gives the highest accuracy 96.94% by the RBF kernel with the value of sigma=26 

and box constraint =100. 

TABLE 6. 3 Accuracy Measurement of wavelet transform for level 2 

Mother wavelet Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 256 91.92% 96.76% 92.70% 96.26% 

bior1.3 361 92.54% 95.78% 68.22% 95.98% 

Coif1 361 92.84% 96.38% 75.46% 96.36% 

Db2 324 92.32% 96.26% 81.64% 95.96% 

Db3 361 92.62% 95.90% 69.82% 95.96% 

Db4 441 92.52% 96.28% 40.70% 96.42% 

Fk6 361 92.52% 96.16% 71.46% 96.06% 

Rbio1.1 256 91.92% 96.76% 92.70% 92.26% 

Sym2 324 92.32% 96.26% 81.64% 96.14% 
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TABLE 6. 4 Accuracy Measurement of Wavelet Transform for level 3 

Mother wavelet Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 64 91.82% 97.76% 97.28% 96.38% 

bior1.3 144 93.20% 97.24% 96.04% 96.72% 

Coif1 144 92.96% 97.10% 95.54% 96.6% 

Db2 100 93.06% 97.06% 96.10% 96.38% 

Db3 144 92.66% 97.40% 93.72% 96.88% 

Db4 196 93.18% 96.76% 90.28% 96.50% 

Fk6 144 93.04% 97.02% 93.18% 96.80% 

Rbio1.1 64 91.82% 97.76% 97.28% 96.38% 

Sym2 100 93.06% 97.06% 96.10% 96.38% 

TABLE 6. 5 Accuracy Measurement of Wavelet Transform for level 4 

Mother wavelet Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 16 80.40% 91.10% 91.06% 91.52% 

bior1.3 64 92.04% 95.98% 96.32% 96.96% 

Coif1 64 90.90% 95.96% 96.04% 96.76% 

Db2 1040 90.44% 95.36% 95.94% 96.52% 

Db3 64 91.72% 96.00% 96.22% 96.88% 

Db4 100 92.44% 96.26% 96.16% 96.94% 

Fk6 64 91.48% 95.84% 96.22% 96.64% 

Rbio1.1 16 80.40% 91.10% 91.06% 91.52% 

Sym2 36 90.44% 95.36% 95.94% 96.52% 

Figure 6.19 shows the confusion matrix of wavelet transform for level 3 by haar mother 

wavelet using a quadratic kernel, which shows that the digit ‘8’ are 100% classify correctly 

while digit ‘6’ is classified with 95% accuracy. The Precision, Recall and F1 score of all 

classified digits are shown in figure 6.20. 

  0 1 2 3 4 5 6 7 8 9 

0 99 0 0 0.2 0 0 0 0.2 0 0.6 

1 0 96.6 0.4 0 0 0 0 0 0.2 2.8 

2 0 1.2 96.4 0.2 0.2 0 0 0 0 2 

3 0 0 0 96.8 0 0 0.4 0.4 0 2.4 

4 0 0 0 0 98.6 0 0 0 0 1.4 

5 0 0.2 0 0.2 0 98.2 0 0 0 1.4 

6 0 0.2 0 1 0 0 95 0.4 0 3.4 

7 0.2 0 0.4 0.2 0 0 0.4 97.4 0 1.4 

8 0 0 0 0 0 0 0 0 100 0 

9 0 0 0 0 0 0 0 0 0.4 99.6 

FIGURE 6. 19 Confusion matrix of Wavelet Transform method for quadratic kernel 
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FIGURE 6. 20 Measurement Parameter of Wavelet Transform method for Quadratic kernel 

6.4 Gujarati Character Classification Performance 

There are 10,000 character samples in a database in which each 40 character has 250 

samples. For character classification fivefold cross-validation is used. The performance 

measurement parameters for all feature extraction method are shown below: 

Method 1: Pixel Count Ratio 

Figure 6.21 shows the accuracy of the pixel count ratio method using different kernels, 

which uses 64 features for classification. It achieved the highest accuracy of 79.29% with 

RBF kernel using the value of sigma=10 and box constraint =100. Figure 6.22 shows the 

Precision, Recall, and F1 score of all classified characters using RBF Kernel, which shows 

that the characters ‘d’ and ‘xa’ is 93.60% classify correctly, while character ‘h’ is classified 

with 71.20 % accuracy.  

 

 

75.00% 

80.00% 

85.00% 

90.00% 

95.00% 

100.00% 

0 1 2 3 4 5 6 7 8 9 

%
 M

e
as

u
re

m
e

n
t 

P
ar

am
e

te
r 

 

No. of Group 

Recall 

Precision 

F1 Score 



       Gujarati Character Classification Performance 

152 
 

 

FIGURE 6. 21 Accuracy Measurement of Pixel Count Ratio 

 

FIGURE 6. 22 Measurement Parameter of Pixel Count Ratio method for RBF kernel 

Method 2: Object Gradient 

Figure 6.23 shows the accuracy of the object gradient method using different kernels, 

which uses 108 features for classification. It achieved the highest accuracy of 90.97% with 

RBF kernel using value of sigma=10 and box constraints =100. Figure 6.24 shows the 

Precision, Recall, and F1 score of all classified characters using RBF Kernel that shows the 

character ‘xa’ is 98.80% classify correctly while character ‘ca’ is classified with 76.80% 

accuracy.  
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FIGURE 6. 23 Accuracy Measurement of Object Gradient 

 

FIGURE 6. 24 Measurement Parameter of Object Gradient method for RBF kernel 

Method 3: Object Geometry 

Figure 6.25 shows the accuracy of the object geometry method using different kernels, 

which uses 82 features for classification. It achieved the highest accuracy of 74.38% with 

RBF kernel using the value of sigma=10 and box constraint =100. Figure 6.26 shows the 

Precision, Recall, and F1 score of all classified characters using RBF Kernel, which shows 

that the character ‘ga’ is 92.40% classify correctly while character ‘A’ is classified with 

44.80 % accuracy.  
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FIGURE 6. 25 Accuracy Measurement of Object Geometry 

 

FIGURE 6. 26 Measurement Parameter of Object Geometry method for RBF kernel 

 

Method 4: Character Profile 

Figure 6.27 shows the accuracy of the character profile method using different kernels, 

which uses 298 features for classification. It achieved the highest accuracy of 65.60% with 

RBF kernel using value of sigma=26 and box constraint =100. Figure 6.28 shows the 

Precision, Recall, and F1 score of all classified characters using RBF Kernel that shows the 

character ‘xa’ is 98.8% classify correctly while character ‘h’ is classified with 50.80% 

accuracy.  
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FIGURE 6. 27 Accuracy Measurement of Character Profile 

 

FIGURE 6. 28 Measurement Parameter of Character Profile method for Quadratic kernel         

Method 5: LBP  

Table 6.6 shows the accuracy of the LBP method for different block sizes of image with 

different radius by linear, quadratic, and RBF kernels. which has different numbers of 

features for classification. LBP (16,1) achieves the highest accuracy of 88.07% using RBF 

kernel using the value of sigma=26 and box constraint =100.  

Figure 6.29 shows the Precision, Recall, and F1 score of all classified characters using 

RBF Kernel, which shows that the character ‘xa’ is 98.00% classify correctly while 

character ‘ca’ is classified with 71.60 % accuracy.  
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TABLE 6. 6 Accuracy Measurement of LBP method 

Block size Total No. of 

Features 

Accuracy 

Linear Quadratic RBF 

LBP (6,1) 3835 80.34% 66.60% 42.30% 

LBP (6,2) 3835 64.58% 18.12% 35.40% 

LBP (8,1) 2183 83.89% 74.35% 55.50% 

LBP (8,2) 2183 78.56% 53.65% 39.90% 

LBP (12,1) 1003 84.03% 83.16% 86.60% 

LBP (12,2) 1003 83.05% 79.90% 84.76% 

LBP (16,1) 590 81.00% 85.99% 88.07% 

LBP (16,2) 590 81.54% 86.23% 87.83% 

LBP (24,1) 295 68.00% 77.63% 76.99% 

LBP (24,1) 295 72.67% 81.85% 80.34% 

 

 

FIGURE 6. 29 Measurement Parameter of LBP (16,1) method for RBF kernel 

Method 6: CSLBP  

Table 6.7 shows the accuracy of the CSLBP method for different block sizes of image with 

different radius using linear, quadratic, and RBF kernels, which has different numbers of 

features for classification. CSLBP (12) achieves the highest accuracy of 84.23 % using the 

quadratic kernel. 

TABLE 6. 7 Accuracy Measurement of CSLBP method 

 Block size 
Total No. of 

Features 

Accuracy 

Linear Quadratic RBF 

CSLBP (6) 1040 74.46% 62.32% 69.31% 

CSLBP (8) 572 76.27% 76.01% 80.16% 

CSLBP (12) 272 75.70% 83.30% 84.23% 

CSLBP (16) 160 69.55% 83.22% 83.51% 

CSLBP (24) 80 43.99% 70.05% 70.96% 
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Figure 6.30 shows the Precision, Recall, and F1 score of all classified characters using the 

RBF kernel which shows that the character ‘xa’ is 96.00% classify correctly while character 

‘Ga’ and ‘A’ are classified with 72.00 % accuracy.  

 

FIGURE 6. 30 Measurement Parameter of CSLBP method for RBF kernel 

Method 7: Wavelet Transform 

The accuracy using wavelet transform for level 2, level 3, and level 4 with different mother 

wavelets and their respective number of features for classification are shown in table 6.8, 

table 6.9, and table 6.10 respectively. For level 2 wavelet transform using haar and Rboi1.1 

mother wavelet gives the highest accuracy 76.18% by the quadratic kernel, for level 3 

wavelet transform using haar and Rboi1.1 mother wavelet gives the highest accuracy 

85.82% by RBF kernel and for level 4 wavelet transform using db4 mother wavelet gives 

the highest accuracy 81.24% by the RBF kernel with the value of sigma=26 and box 

constraint =100. 

TABLE 6. 8 Accuracy Measurement of Wavelet Transform for level 2 

Mother wavelet 
Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 256 57.35% 76.18% 71.30% 71.42% 
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Fk6 361 59.35% 72.58% 38.47% 58.21% 

Rbio1.1 256 57.35% 76.18% 71.30% 71.42% 

Sym2 324 59.10% 73.41% 51.55% 62.51% 
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TABLE 6. 9 Accuracy Measurement of Wavelet Transform for level 3 

Mother wavelet 
Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 64 41.20% 84.93% 83.05% 85.82% 

bior1.3 144 50.12% 80.47% 73.63% 80.55% 

Coif1 144 52.00% 80.99% 74.62% 81.08% 

Db2 100 48.40% 82.38% 76.46% 83.09% 

Db3 144 52.66% 82.84% 76.24% 82.87% 

Db4 196 52.60% 80.21% 68.90% 80.05% 

Fk6 144 53.17% 82.32% 75.60% 82.83% 

Rbio1.1 64 41.20% 84.93% 83.05% 85.82% 

Sym2 100 48.40% 82.38% 76.46% 83.09% 

TABLE 6. 10 Accuracy Measurement of Wavelet Transform for level 4 

Mother wavelet 
Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 16 22.16% 71.00% 70.24% 63.63% 

bior1.3 64 35.91% 75.95% 75.72% 79.88% 

Coif1 64 37.98% 74.97% 74.10% 78.85% 

Db2 1040 33.85% 74.07% 74.59% 77.03% 

Db3 64 39.03% 77.22% 76.21% 80.28% 

Db4 100 40.70% 77.86% 75.24% 81.24% 

Fk6 64 39.39% 77.00% 75.34% 79.71% 

Rbio1.1 16 22.16% 71.00% 70.24% 63.63% 

Sym2 36 33.85% 74.07% 74.59% 77.03% 

 

Figure 6.31 shows the Precision, Recall, and F1 score of all classified characters for level 3 

using RBF kernel, which shows that the character ‘ca’ is 77.60% classify correctly while 

character ‘]’ is classified with 94.40 % accuracy.  

 

 

FIGURE 6. 31 Measurement Parameter of Wavelet Transform method for Quadratic kernel 
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6.5 Gujarati Mixed Character - Numeral Classification Performance 

There are a total of 10000 characters and 5000 numerals samples in the database and they 

are classified in 48 different classes as mention in chapter 5. For mixed classification 

fivefold cross-validation is used. The performance measurement parameters for all feature 

extraction method are shown below: 

Method 1: Pixel Count Ratio 

Figure 6.32 shows the accuracy of the pixel count ratio method using different kernels, 

which uses 64 features for classification. It achieved the highest accuracy of 83.42% with 

RBF kernel using the value of sigma=10 and box constraint =100.  

 

FIGURE 6. 32 Accuracy Measurement of Pixel Count Ratio 

 

FIGURE 6. 33 Measurement Parameter of Pixel Count Ratio method for RBF kernel
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Figure 6.33 shows the Precision, Recall, and F1 score of all classified characters using the 

RBF kernel, which shows that the character ‘ya’ is 57.60% classify correctly while numeral 

‘8’ is classified with 98.80 % accuracy.  

Method 2: Object Gradient 

Figure 6.34 shows the accuracy of the object gradient method using different kernels, 

which uses 108 features for classification. It achieved the highest accuracy of 92.10% with 

RBF kernel using the value of sigma=10 and box constraint =100.  

 

 

FIGURE 6. 34 Accuracy Measurement of Object Gradient 

Figure 6.35 shows the Precision, Recall, and F1 score of all classified characters using 

RBF kernel, which shows that the character ‘Ga’ is 78.00% classify correctly while numerals 

‘0’,’8’and ‘9’ are classified with 99.20% accuracy.  

 

FIGURE 6. 35 Measurement Parameter of Object Gradient method for RBF Kernel 
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Method 3: Object Geometry 

Figure 6.36 shows the accuracy of the object geometry method using different kernels, 

which uses 82 features for classification. It achieved the highest accuracy of 76.17% with 

RBF kernel using the value of sigma=10 and box constraint =100.  

 

FIGURE 6. 36 Accuracy Measurement of Object Geometry 

Figure 6.37 shows the Precision, Recall, and F1 score of all classified characters using 

RBF kernel, which indicates that the character ‘qa’ is 56.80% classify correctly while 

numerals ‘0’and ‘8’ are classified with 96.40 % accuracy.  

 

FIGURE 6. 37 Measurement Parameter of Object Geometry method for RBF kernel 
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Method 4: Character Profile 

Figure 6.38 shows the accuracy of the character profile method using different kernels, 

which uses 298 features for classification. It achieved the highest accuracy of 71.76% with 

RBF kernel using the value of sigma=26 and box constraint =100.  

 

FIGURE 6. 38 Accuracy Measurement of Character Profile 

Figure 6.39 shows the Precision, Recall, and F1 score of all classified characters using the 

RBF kernel, which indicates that the numeral ‘8’ is 98.8% classify correctly while 

character ‘k’ is classified with 47.20 % accuracy.  

 

FIGURE 6. 39 Measurement Parameter of Character Profile method for Quadratic kernel 
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Method 5: LBP  

Table 6.6 shows the accuracy of the LBP method for different block sizes of the image 

with different radius using linear, quadratic, and RBF kernels, which has different numbers 

of features for classification. LBP (16,1) achieves highest accuracy 89.45 % with RBF 

kernel using value of sigma=26 and box constraint =100.  

TABLE 6. 11 Accuracy Measurement of LBP method 

Block size 
Total No. of 

Features 

Accuracy 

Linear Quadratic RBF 

LBP (6,1) 3835 82.70% 74.90% 56.12% 

LBP (6,2) 3835 68.53% 35.96% 64.72% 

LBP (8,1) 2183 85.05% 80.47% 78.24% 

LBP (8,2) 2183 80.43% 64.73% 80.12% 

LBP (12,1) 1003 85.48% 86.55% 88.57% 

LBP (12,2) 1003 84.39% 83.77% 86.63% 

LBP (16,1) 590 81.76% 88.27% 89.45% 

LBP (16,2) 590 82.80% 88.31% 89.20% 

LBP (24,1) 295 69.83% 80.76% 72.56% 

LBP (24,2) 295 74.40% 85.13% 74.22% 

 

Figure 6.40 shows the Precision, Recall, and F1 score of all classified characters using 

RBF kernel, which shows that the numerals ‘8’and ‘9’ is 99.2% classify correctly while 

character ‘Ga’ and ‘ya’ is classified with 72.40 % accuracy.  

 

FIGURE 6. 40 Measurement Parameter of LBP (16,1) method for RBF kernel 
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of features for classification. CSLBP(12) achieved the highest accuracy of 86.30% with 

RBF kernel using the value of sigma=26 and box constraint =100.  

TABLE 6. 12 Accuracy Measurement of CSLBP method 

 Block size 
Total No. of 

Features 

Accuracy 

Linear Quadratic RBF 

CSLBP (6) 1040 76.87% 68.67% 71.50% 

CSLBP (8) 572 78.05% 79.91% 82.45% 

CSLBP (12) 272 77.60% 86.21% 86.30% 

CSLBP (16) 160 72.16% 85.42% 85.66% 

CSLBP (24) 80 47.41% 74.42% 78.71% 

 

Figure 6.41 shows the Precision, Recall, and F1 score of all classified characters using the 

RBF kernel, which shows that the numeral ‘9’ is 99.00% classify correctly while character 

‘k’ is classified with 70.40 % accuracy.  

 

FIGURE 6. 41 Measurement Parameter of CSLBP (12) method for RBF kernel 
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wavelet gives the highest accuracy 83.58% by the RBF kernel with the value of sigma=10 

and box constraint =100. 

TABLE 6. 13Accuracy Measurement of Wavelet Transform for level 2 

Mother wavelet 
Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 256 60.27% 80.10% 75.72% 74.50% 

bior1.3 361 61.87% 74.19% 36.01% 60.36% 

Coif1 361 61.73% 70.90% 34.05% 63.97% 

Db2 324 62.20% 78.03% 47.84% 67.00% 

Db3 361 61.75% 76.84% 33.59% 62.83% 

Db4 441 61.33% 77.13% 21.50% 56.50% 

Fk6 361 61.86% 77.30% 32.35% 63.46% 

Rbio1.1 256 60.36% 80.10% 74.19% 74.50% 

Sym2 324 62.20% 78.02% 47.48% 67.83% 

 

TABLE 6. 14 Accuracy Measurement of Wavelet Transform for level 3 

Mother wavelet Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 64 38.83% 80.10% 85.58% 87.47% 

bior1.3 144 50.33% 75.72% 78.26% 83.79% 

Coif1 144 52.13% 84.34% 78.61% 84.17% 

Db2 100 48.03% 84.76% 80.81% 85.23% 

Db3 144 52.50% 85.53% 79.69% 85.26% 

Db4 196 53.37% 83.28% 71.67% 83.20% 

Fk6 144 51.67% 85.20% 79.04% 85.30% 

Rbio1.1 64 38.83% 86.69% 85.58% 87.47% 

Sym2 100 48.03% 84.76% 80.81% 85.23% 

 

TABLE 6. 15 Accuracy Measurement of Wavelet Transform for level 4 

Mother wavelet 
Total No.  

of Features 

Accuracy 

Linear Quadratic Polynomial RBF 

Haar 16 17.70% 72.58% 72.81% 65.54% 

bior1.3 64 32.53% 78.96% 79.96% 83.06% 

Coif1 64 34.40% 78.86% 77.99% 82.10% 

Db2 1040 29.87% 77.30% 78.01% 80.00% 

Db3 64 36.07% 77.20% 78.89% 83.18% 

Db4 100 38.83% 80.90% 77.71% 83.58% 

Fk6 64 36.30% 79.82% 79.05% 82.79% 

Rbio1.1 16 17.70% 73.50% 72.81% 65.54% 

Sym2 36 29.86% 77.20% 78.01% 80.00% 
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Figure 6.42 shows the Precision, Recall, and F1 score of all classified characters using the 

RBF kernel, which shows that the numeral ‘8’ is 99.20% classify correctly while character 

‘ya’ is classified with 70.80 % accuracy.  

 

FIGURE 6. 42Measurement Parameter of Wavelet transform method for RBF kernel 
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FIGURE 6. 43 Comparison of accuracy of Hybrid Feature Extraction methods for Gujarati 
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Table 5.18 in chapter 5 shows the hybrid feature extraction methods with its respective 

number of features. figure 6.43 shows the performance comparison of Gujarati characters, 

which indicates that hybrid features of object gradient and wavelet transform with haar 

mother wavelet for level 3 gives the highest accuracy 92.31% and its Precision, Recall and 

F1 score of all classified characters are shown in figure 6.44 

 

FIGURE 6. 44 Measurement Parameter of the Hybrid method for Gujarati Characters 

Figure 6.45 shows the performance comparison of Gujarati mixed numeral character, 

which indicates that hybrid features of object gradient and wavelet transform with haar 

mother wavelet for level 3 gives the highest accuracy 92.93% and its Precision, Recall and 

F1 score of all classified characters are shown in figure 6.46 

 

FIGURE 6. 45 Comparison of accuracy of Hybrid Feature Extraction methods for Gujarati Mixed 

numeral-characters 

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

90.00%

100.00%

    ગ                   ણ                         લ   શ     હ                   

%
 M

e
as

u
re

m
e

n
t 

P
ar

am
e

te
r 

No. of Groups

Recall

Precision

F1 Score

89.37%

90.79% 90.80%

89.87%

92.93%

91.48%

87.00%

88.00%

89.00%

90.00%

91.00%

92.00%

93.00%

94.00%

Object Gradient 
+LBP(12,1)

Object Gradient 
+LBP(16,1)

Object Gradient 
+CSLBP(12)

Object Gradient 
+CSLBP(16)

Object Gradient + 
wavelet 

transform(Haar,3)

Object Gradient + 
wavelet 

transform(db4,3)

%
 A

cc
u

ra
cy

Feature Extraction Method



        Result Analysis 

168 
 

 

FIGURE 6. 46 Measurement Parameter of a hybrid method for Gujarati Mixed numeral-characters 

6.8 Result Analysis 

On the minus side, KNN needs to be carefully tuned the value of k and selection of the 

distance parameter. KNN is also very sensitive to bad features (attributes), so feature 

selection is also important. It is also sensitive to outliers. 

SVM can be used in linear or non-linear ways with the use of a Kernel. If there is a limited 

set of points in many dimensions, SVM tends to be very good because it should be able to 

find the linear separation that should exist. SVM is good with outliers as it will only use 

the most relevant points to find a linear separation (support vectors). 

In SVM, for multiclass classification, One-vs-All approached is used using binary 

classification algorithms. It involves splitting the multi-class dataset into multiple binary 

classification problems. A classifier is then trained on each binary classification problem 

and predictions are made using the model that is the most confident. For example, given a 

multi-class classification problem with Gujarati Numerals for each class ‘0’ ‘1’, ‘2’,….., 

‘9’. This could be divided into 10 binary classification datasets as follows: 

Binary Classification Problem 1: ‘0’ vs [‘1’, ‘2’,…...., ‘9’] 

Binary Classification Problem 2: ‘1’ vs [‘0’, ‘2’,……, ‘9’]                     

Binary Classification Problem 10: ‘9’ vs [‘0’, ‘1’,….…,‘8’] 

A possible downside of this approach is that it requires one model to be created for each 

class. For example, ten classes require ten models. This could be an issue for large datasets 

that slow models for very large numbers of classes. 
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Table 6.16 shows the accuracy obtained by the SVM classifier using proposed feature 

extraction methods.  

TABLE 6. 16 Percentage Accuracy using SVM Classifier for Feature Extraction methods 

Feature Extraction Methods  
Accuracy 

Numerals Characters Mixed 

Pixel Count Ratio 96.90%  79.29 %  83.42% 

Object Gradient  98.72%  90.97%  92.10% 

Object Geometry  92.06%  74.38%  76.17% 

Character Profile  92.74%  65.60%  71.76% 

Local Binary Pattern  98.46%  88.07%  89.45% 

Center Symmetric Local Binary Pattern  97.34%  84.23%  89.29% 

Wavelet transform  97.76% 85.82%  87.47% 

 

TABLE 6. 17 Percentage Accuracy of each numeral using different Feature extraction methods 

Numera

l 
Pixel 

count 

ratio 

Object 

Gradient 

Object 

Geometry 

Character 

Profile 

LBP CSLBP Wavelet 

Transform 

0 98.00% 99.80% 98.60% 97.60% 99.00% 99.40% 99.00% 

1 96.00% 99.40% 94.00% 92.40% 97.40% 96.80% 96.60% 

2 96.40% 96.20% 79.00% 87.60% 96.20% 95.00% 96.40% 

3 94.80% 98.20% 91.80% 89.80% 97.80% 96.00% 96.80% 

4 98.00% 99.60% 97.60% 93.80% 99.40% 98.40% 98.60% 

5 97.60% 99.80% 95.80% 94.60% 99.80% 98.20% 98.20% 

6 93.40% 96.60% 84.40% 84.40% 98.00% 96.00% 95.00% 

7 96.20% 98.00% 84.40% 88.80% 97.40% 94.40% 97.40% 

8 99.80% 99.80% 98.00% 98.60% 99.80% 99.20% 100.00% 

9 98.80% 99.80% 97.00% 99.80% 99.80% 99.40% 99.60% 

 

In-depth analysis of misclassification cases exposes that the characters are misclassified 

because of different class characters are very similar in look. For example, characters ‘k’, 
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‘F’, and ‘D’, then characters ‘T’ and ‘@’, characters ‘A’ and ‘Ka’ and the same way character 

‘Ga’ and ‘Qa’.  

The accuracy obtained by each digit using different feature extraction methods is shown in 

table 6.17.  

The accuracy obtained by each character using different feature extraction methods is 

shown in table 6.18. The character accuracy was increased by combining the feature 

extraction techniques. For example, the character ‘ca’ was classified with 76.80% accuracy 

using gradient features and 77.60 % by the wavelet feature method. but by merging these 

two feature (hybrid) extraction methods, it was classified by 80.40% of accuracy. 

TABLE 6. 18 Percentage Accuracy of each character using different Feature extraction methods 

 Character Pixel 

count ratio 

Object 

Gradient 

Object 

Geometry 

Character 

Profile 

LBP CSLBP Wavelet 

Trans-

form 

Hybrid 

Method 

  
77.20% 86.80% 81.20% 57.60% 82.40% 76.40% 85.20% 88.80% 

  
80.80% 90.40% 80.00% 59.20% 87.20% 84.40% 80.40% 89.60% 

ગ 
83.60% 96.00% 92.40% 66.40% 95.20% 93.20% 90.00% 96.00% 

  
68.40% 79.20% 76.40% 46.80% 72.40% 72.00% 79.20% 84.00% 

  
69.60% 76.80% 61.20% 46.80% 71.60% 70.80% 77.60% 80.40% 

  
89.60% 94.80% 86.40% 88.40% 91.60% 88.00% 95.20% 96.80% 

  
90.80% 97.60% 94.80% 89.20% 97.60% 96.40% 96.80% 97.20% 

  
81.20% 94.40% 76.40% 61.60% 88.80% 87.20% 88.40% 94.00% 

  
90.00% 97.20% 91.60% 81.60% 95.60% 92.80% 96.00% 97.60% 

  
77.60% 90.80% 86.80% 59.60% 86.80% 85.20% 87.60% 92.00% 

  
86.00% 96.00% 91.60% 70.80% 96.40% 95.60% 95.20% 97.60% 

  
78.00% 94.00% 71.60% 65.20% 89.20% 85.20% 84.80% 93.60% 

ણ 
78.40% 90.00% 73.60% 58.40% 89.60% 87.60% 84.40% 89.20% 

  
90.00% 95.20% 82.80% 78.80% 94.40% 90.80% 95.60% 97.20% 

  
71.60% 82.40% 64.40% 58.80% 76.80% 75.20% 82.00% 84.80% 

  
93.60% 96.80% 85.20% 81.20% 96.40% 92.80% 95.60% 97.60% 

  
80.00% 86.40% 73.20% 66.00% 80.80% 82.00% 85.60% 88.40% 
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79.20% 91.60% 81.20% 60.00% 89.60% 79.60% 86.80% 93.20% 

  
79.60% 94.40% 76.00% 72.80% 94.00% 88.00% 86.40% 93.60% 

  
74.40% 92.00% 66.40% 69.20% 89.20% 82.40% 82.40% 92.40% 

  
74.00% 84.80% 60.40% 64.80% 79.60% 78.40% 78.40% 86.80% 

  
80.00% 90.40% 67.60% 61.60% 84.80% 80.80% 83.60% 91.60% 

  
69.20% 90.40% 72.00% 58.80% 84.80% 80.40% 82.40% 90.40% 

  
63.60% 84.40% 60.40% 48.00% 76.80% 75.20% 74.00% 85.20% 

  
83.60% 91.60% 70.40% 69.60% 89.20% 86.40% 90.00% 93.60% 

લ 
74.40% 87.60% 69.20% 56.80% 88.00% 78.40% 86.00% 91.20% 

  
75.20% 92.80% 55.20% 60.80% 88.00% 84.80% 87.20% 94.40% 

શ 
75.60% 88.80% 75.20% 62.40% 86.00% 80.80% 81.60% 89.60% 

  
61.60% 90.00% 74.00% 56.80% 87.20% 79.60% 77.60% 91.20% 

  
64.80% 80.80% 57.20% 39.20% 78.00% 63.60% 68.00% 84.80% 

હ 
71.20% 87.20% 56.40% 50.80% 82.40% 78.00% 77.20% 87.20% 

  
89.20% 98.00% 89.20% 70.40% 96.40% 95.60% 92.40% 98.00% 

  
72.00% 90.40% 67.20% 68.00% 90.80% 82.40% 80.80% 92.80% 

  
83.20% 92.00% 71.60% 67.60% 90.40% 82.00% 86.40% 94.00% 

  
66.40% 83.20% 44.80% 48.00% 76.40% 72.00% 73.60% 86.80% 

  
90.40% 94.00% 84.00% 83.20% 92.80% 89.60% 92.40% 94.00% 

  
91.20% 96.80% 82.00% 80.80% 97.20% 94.80% 94.40% 98.40% 

  
90.80% 99.20% 82.00% 80.80% 96.00% 94.80% 92.40% 98.40% 

  
82.00% 94.80% 72.40% 70.80% 94.40% 90.00% 87.60% 96.00% 

  
93.60% 98.80% 70.80% 86.40% 98.00% 96.00% 91.60% 100.00% 

 

The accuracy obtained by each numeral and character using different feature extraction 

methods is shown in table 6.19. The character accuracy was increased by combining the 

feature extraction techniques. Here, for the hybrid feature extraction method, the feature 

set of gradient and wavelet were merged to increase the accuracy of the classifier. 
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TABLE 6. 19 Percentage Accuracy of each character numeral using different Feature extraction 

methods 

Mixed Pixel 

count 

ratio 

Object 

Gradient 

Object 

Geometry 

Character 

Profile 

LBP CSLBP Wavelet 

Transform 

Hybrid 

Method 

  
67.20% 83.20% 76.00% 47.20% 73.60% 70.40% 74.00% 80.80% 

  
77.20% 88.80% 78.80% 58.00% 86.00% 83.20% 80.00% 88.40% 

ગ 
83.20% 96.40% 92.00% 66.40% 94.80% 93.60% 89.20% 96.00% 

  
67.60% 78.00% 75.60% 46.00% 72.40% 72.00% 78.80% 83.60% 

  
71.60% 78.80% 65.20% 48.80% 72.80% 69.60% 75.60% 79.20% 

  
87.20% 96.00% 85.20% 86.40% 91.60% 84.40% 93.60% 96.00% 

  
90.00% 92.80% 90.80% 84.00% 90.80% 90.80% 96.00% 96.00% 

  
78.40% 92.80% 73.20% 48.80% 88.00% 83.60% 83.20% 90.80% 

  
87.20% 95.20% 89.60% 73.60% 91.60% 89.20% 92.00% 94.40% 

  
76.80% 90.40% 80.80% 59.20% 87.60% 83.60% 86.40% 91.60% 

  
81.20% 92.80% 88.40% 54.40% 93.60% 89.20% 90.40% 92.40% 

  
75.20% 93.20% 69.60% 64.40% 87.60% 86.00% 84.00% 93.20% 

ણ 
77.20% 88.80% 75.60% 56.00% 90.80% 86.00% 84.00% 90.00% 

  
88.40% 92.00% 80.00% 77.20% 90.80% 87.20% 90.40% 94.80% 

  
70.00% 80.80% 56.80% 58.40% 76.80% 74.00% 79.60% 83.20% 

  
92.00% 94.40% 85.20% 78.40% 94.80% 92.40% 94.80% 97.20% 

  
80.40% 86.80% 71.20% 64.40% 80.40% 81.20% 86.40% 88.40% 

  
76.80% 91.60% 74.80% 60.00% 89.60% 78.80% 87.60% 92.80% 

  
91.20% 96.40% 88.80% 87.60% 96.67% 93.33% 91.87% 96.93% 

  
76.80% 89.20% 66.40% 65.20% 88.40% 80.80% 83.60% 90.00% 

  
77.60% 87.60% 60.40% 65.60% 78.80% 78.80% 80.00% 86.00% 

  
77.20% 91.60% 64.40% 63.20% 85.60% 82.00% 81.20% 92.80% 

  
70.40% 89.60% 73.60% 56.00% 82.80% 76.00% 81.20% 88.80% 

  
57.60% 82.80% 60.40% 47.20% 72.40% 71.20% 70.80% 82.80% 

  
91.20% 96.13% 82.67% 85.20% 94.13% 92.53% 93.73% 96.27% 
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લ 
75.20% 86.40% 64.40% 58.40% 83.60% 76.40% 82.40% 88.40% 

  
76.80% 91.20% 54.00% 56.00% 86.40% 82.80% 85.20% 92.80% 

શ 
75.20% 89.60% 67.60% 62.40% 85.60% 81.20% 82.40% 89.20% 

  
66.40% 88.80% 68.40% 59.20% 88.40% 81.60% 78.00% 90.80% 

  
61.60% 81.20% 56.80% 36.00% 78.40% 64.40% 68.80% 84.80% 

હ 
69.20% 82.80% 52.80% 48.80% 81.20% 75.20% 75.60% 84.40% 

  
89.20% 97.20% 87.60% 69.20% 95.60% 94.40% 90.80% 98.00% 

  
77.20% 89.60% 64.40% 68.80% 90.00% 84.00% 82.80% 92.40% 

  
84.80% 92.00% 70.40% 68.80% 89.20% 83.20% 87.20% 93.60% 

  
65.20% 80.00% 36.00% 48.80% 73.60% 68.80% 69.20% 82.40% 

  
88.40% 95.60% 78.40% 80.80% 93.60% 90.80% 92.00% 94.80% 

  
88.40% 98.00% 82.40% 74.80% 93.20% 89.60% 90.40% 97.60% 

  
90.40% 98.40% 72.00% 80.40% 95.20% 95.20% 92.80% 98.40% 

  
84.40% 95.20% 71.60% 72.00% 95.20% 91.20% 88.80% 96.40% 

  
80.80% 93.20% 58.40% 56.80% 86.80% 83.20% 83.20% 95.20% 

  
97.60% 99.20% 96.40% 95.80% 98.00% 98.40% 99.00% 99.20% 

  
91.40% 96.20% 73.40% 81.00% 93.20% 91.40% 93.60% 96.80% 

  
93.00% 94.40% 82.00% 84.40% 93.40% 92.40% 93.20% 94.60% 

  
92.40% 95.80% 86.20% 85.60% 93.80% 91.40% 93.00% 96.20% 

  
85.80% 88.80% 68.40% 65.60% 89.00% 85.80% 79.80% 90.60% 

  
91.40% 95.20% 76.00% 82.00% 92.60% 90.80% 93.60% 97.60% 

  
98.80% 99.20% 96.40% 98.20% 99.20% 98.20% 99.20% 99.40% 

૯ 
98.40% 99.20% 89.60% 96.40% 99.20% 99.00% 98.20% 99.60% 
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Chapter 7  

Performance Evaluation Using Deep Learning  

7.1 Introduction 

Deep learning is part of artificial intelligence (AI) that working likes human brains. It 

learns from examples and creating the pattern that is used at the time of decision making. It 

is a subgroup of machine learning that has an efficient network, which learns in an 

unsupervised manner from a large amount of labeled data. Deep learning used a similar 

kind of architecture used in Neural Network, so it is also well-known as a deep neural 

network or deep neural learning. 

The word “deep” typically points out the number of hidden layers in the neural network. 

Usually, the traditional neural networks have only two-three hidden layers since deep 

neural networks have a large number of layers like 150 layers. The traditional neural 

network requires manual feature extraction, while deep neural learning models are trained 

automatically, with no need for manual feature extraction from data, but it required a large 

amount of labeled data to learn itself [117]. Figure 7.1 shows the performance of deep 

learning vs. older machine learning algorithms, which indicates for a large amount of data, 

deep learning gives very higher accuracy than other feature extraction based classifier, so 

as increasing datasets, the performance of a deep neural network is also increased.    

A Convolutional Neural Network, also known as CNN or ConvNet,  is one of the most 

accepted deep Neural networks. A CNN architecture consists of two-dimensional 

convolutional layers and learns the features using input data that convolves with the 

convolutional filters, which composing this CNN architecture. This is appropriate for 2D 

data processing like images, used for Imagenet classification in [118]. 
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FIGURE 7. 1 Performance Evaluations for Deep Learning And Machine Learning Algorithm 

The manual feature extraction is not required into CCN architecture, CNN itself computes 

the features from the given input images and also eliminates the requirement of pre-

training by features. When the group of images is available, it’s started learning during the 

training period using that image set. The automatic learning characteristics of deep 

learning make it widely used and an extremely accurate model for the classification of 

images. The Deep learning approach for different languages is described in [119-127] and 

used in speech recognition in [128]. 

7.2 Convolutional Neural Network 

The convolutional neural network is one of the most important approaches for image 

classifications, image recognition, object detections, face recognition, etc.,  used [126].  

 

FIGURE 7. 2 Basic Architecture of CNN
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Figure 7.2 shows a basic CNN architecture. The shown architecture is particularly used for 

2D data. Even though it can be a special type of neural network model designed 

particularly for two-dimensional image data, it can also be applied for 1D and 3D data. The 

CNN architecture consists of  mainly the following layers: 

1. Convolution Layer 

2. Pooling Layer 

3. ReLU Layer 

4. Fully Connected Layer 

7.2.1 Convolution Layer 

The convolution layer is the central part of the convolutional neural network and by this 

layer, the whole network is known as “Convolution Neural Network”. It performed a 

convolution operation with input data.  Like a Neural Network, CNN convolution is 

engaged through the multiplication of the input image with a set of weights of two-

dimensional arrays which called filters or kernels shown by equation 7.1. 

                                    

 

   

 

   

          

Where y (i, j) is the convolute image, x (i, j) is the original image, the filter weight is w, 

and the size of the filter is mXn, 1≤ k ≤ m, and 1≤ l ≤n. Figure 7.3 shows the procedure of 

convolutional layer by example.  

Always the size of the filter is lesser than data input. The dot product, which is an element 

by element multiplication, is applied between filter weight and image pixel values. Finally, 

all values are added to generate a single value, this operation is well known as “scalar 

product”.  

For example, figure 7.3(a) shows the input image of size 6 X 6, on this image filters of size 

3 X 3 is applied shown in figure 7.3(b), and the resultant image is shown in figure 7.3(c). 

The output image is known as the Feature Map, which is obtained by moving the filter 

mask on the input image. In this example, only two filters are shown, but there are a large 

number of filters are used, and also padding is not applied to the border of the image. So, 

after the convolution, the image size is decreasing.  
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FIGURE 7. 3 (a) Input Image (b) Filters (c) Output Image After Convolution 

The output image length is measured by [(length of the original image - filter 

length+2*Padding)/stride]+1. In this example, the length of the image is 6, the length of 

the filter mask is 3 and no padding is used, stride means how much shifting is done on the 

original image with the filter for convolution operation. The stride value in this example is 

one, so length of output image = [ ( 6-3+2*0)/1]+1=4. 

7.2.2 ReLU Layer  

ReLU exemplifies by Rectified Linear Unit and it performs a non-linear process, where 

element by element process is executed and it changes the all negative value by zero in 

feature space.  So, Output is given by Max (input value, zero). Figure 7.4 shows the ReLU 

layer output feature space for the convolution layer output indicated in figure 7.3. the 

length of the feature space is not changed by this operation. 

(a) 

(b) 

(c) 

Filters 
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FIGURE 7. 4 Output Image of ReLU Layer 

The ReLU layer behaves like a thresholding operator replacing negative values by zero in 

feature space.  

7.2.3 Pooling Layer  

The pooling layers come after the ReLU layers also known as the downsampling layer, 

applied to the output of the previous layer. In this layer, there are several options for 

generating the output layers like sum pooling, max-pooling, and average pooling. In which 

the max-pooling method is most popular among them. The max-pooling operation is very 

transferable, in which k X k region of the input layer has been taken and obtaining the 

maximum value as the output of that region. For example, if the N×N sized input layer 

applied for max-pooling operation, then the output size of the pooling layer is 
 

 
 

 

 
, as 

max-pooling function generates a single value for each k X k region. Figure 7.5 represents 

the process of pooling layer. 

Fundamentally, It is done by filtering with a mask of size 2x2, and the same size of a stride 

is used in the output of the ReLU layer. In the max-pooling technique, a maximum value of 

feature space from every sub-region is taken as output, which is shown in figure 7.5. 

7.2.4 Fully Connected Layer  

The last layer of CNN architecture is the Fully Connected layer. The output of this layer is 

directly fed to the classifier. In this layering process, the First feature vector is generated 

by flattening the previous layer output and fed as an input to the fully connected layer as 

shown in figure 7.6. 
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FIGURE 7. 5 Output Image of pooling Layer 

 

FIGURE 7. 6 Fully Connected Network 

With these layers, the model is created using a combination of features by an activation 

function like sigmoid, which needs to classify the output. 
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7.2.5 Other Layers 

Dropout Layer: 

Dropout is a method used during training of the network, a few randomly chosen neurons 

are avoided. Hence, these neurons are not contributing to the development of the training 

model. This is one of the approaches to reduce overfitting and improving the generalized 

error. 

Softmax Layer: 

This Softmax function is usually needed for: “to highlight the largest values and suppress 

the values that are significantly below the maximum value in the range of [0,1]”. 

7.3 Implementation and Simulation Result 

The experiments were performed on the Gujarati Numerals and Characters database using 

MATLAB tool. The database consists of 5000 samples of numerals and 10,000 samples of 

characters. 80% of images of the database were used for training the network and the 

remaining 20% was used for testing. Accuracy and other measurement parameters such as 

Precision, Recall, and F1 score are measured. 

7.3.1 Implementation of CNN from scratch 

Two types of CNN networks were implemented from scratch. Both network architectures 

consist of two convolution layers, two ReLU layers, two max-pooling layers, one fully 

connected layer, one Softmax layer, and one classification layer. The only difference 

between the two architectures is the number of filters used in convolution layers. 

CNN Architecture 1: 

Figure 7.7 shows simple CNN architecture 1, the left side of the figure shows the size 

calculation of output image for each layer and the right side shows the output of each layer. 

The sample image was resized into 96 X 96 and applied to the CNN model. The first layer 

of the architecture was convolution layer 1, in which 20 filters of size 5 X 5 were applied 

to the image. this layer generated 20 images of size 92 X 92. These 20 images were applied 

as features to the ReLU layer. In the ReLU layer, all negative values of feature space were 
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replaced by zero. The outcome of this layer given to a max-pooling layer, where the size of 

the feature space decreasing by half, which was 46 X 46. Then the same procedure was 

repeated for the convolution layer with 40 filters of size 5 X 5, ReLU layer 2, and max-

pooling layer 2 that produced 40 images of size 21 X 21. Finally, a fully connected layer 

classified the output class of the image.  

 

FIGURE 7. 7 CNN Architecture 1 

Figure 7.8 represents resultant images for Gujarati numeral ‘1’, generated after each layer 

of CNN architecture 1. The input image was taken from the Gujarati numeral database.  

 

 

(a) Original image 



        Implementation and Simulation Result 

182 
 

 

(b) Convolution layer 1 

 

(c) ReLU layer 1 

      

(d) Pooling layer 1 
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(e) Convolution layer 2 

 

 

(f) ReLU layer 2 
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(g) Pooling layer 2 

 

(h) Fully connected layer 
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(i) Classification layer  

FIGURE 7. 8 Output of Each Layer for CNN Architecture 1 

Figure 7.8 (h) indicates a fully connected layer output, which shows that the highest value 

is achieved by class 1. Further, the Softmax layer and classification layer classify image 

sample into class ‘1’ as presented in figure 7.8 (i), which indicates the input image is  

Gujarati numeral ‘1’.   

CNN Architecture 2: 

 

FIGURE 7. 9 CNN Architecture 2 
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Figure 7.9 shows CNN architecture 2. This architecture is the same as architecture 1, only 

the difference is the number of filters used in convolution layers. Here, the convolutional 

layer 1 has 40 filters of size 5X5 and convolutional layer 2 has 80 filters of size 5X5. The 

size of images at each layer is the same as architecture 1, but the number of feature map 

produces at each layer is higher than architecture 1.  

Figure 7.10 shows resultant images for Gujarati character ‘ga’ generated for each layer of 

the CNN architecture 2.  

  

 

(a) Original image 

 

(b) Convolution layer 1 
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(c) ReLU layer 1 

       

(d) Pooling layer 1 
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(e) Convolution layer 2 

 

(f) ReLU layer 2 
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(g) Pooling layer 2 

 

(h) Fully connected layer 
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(i) Classification Layer 

FIGURE 7. 10 Output of Each Layer for CNN Architecture 2 

Figure 7.10 (h) indicates a fully connected layer output, which shows that the highest value 

is achieved by class 3. Further, the Softmax layer and classification layer classify image 

sample into class ‘3’ as presented in figure 7.8 (i), which indicates the input image is  

Gujarati character ‘ga’.   

Results:  

 

FIGURE 7. 11Gujarati Numerals accuracy with input size 64X64 
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Figure 7.11 shows the accuracy for Gujarati Numerals for both CNN architectures with 

input image size 64 X 64. The CNN architecture 1 gives 80.70% accuracy with 20 filters 

used in convolution layer 1 and 40 filters used in convolution layer 2, while CNN 

architecture 2 gives 88.50% accuracy with 40 filters used in convolution layer 1 and 80 

filters used in convolution layer 2. The measurement parameters recall, precision, and F1 

score of Gujarati Numerals for CNN architecture 1 and CNN architecture 2 are displayed 

in figure 7.12 and figure 7.13 respectively. 

 

FIGURE 7. 12 Gujarati Numerals Measurement Parameters for CNN Architecture 1 with input size 

64X64 

 

FIGURE 7. 13 Gujarati Numerals Measurement Parameters for CNN Architecture 2 with input size 

64X64 

The same way Figure 7.14 shows the accuracy for Gujarati Numerals for both CNN 

architectures with input image size 96 X 96, which shows this method achieved 94.4% and 

95.10% accuracy for  CNN architecture 1 and CNN architecture 2 respectively.  
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FIGURE 7. 14 Gujarati Numerals Accuracy with input size 96X96 

The measurement parameters recall, precision and F1 score of Gujarati Numerals with 

input image size of 96 X 96 for CNN architecture 1 and CNN architecture 2 are presented 

in figure 7.15 and figure 7.16 respectively. 

 

FIGURE 7. 15 Gujarati Numerals Measurement Parameters for CNN Architecture 1 with input size 

96X96 
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FIGURE 7. 16 Gujarati Numerals Measurement Parameters for CNN Architecture 2 with input size 

96X96 

Figure 7.17 shows the accuracy for Gujarati characters for both CNN architectures with 

input image size 64 X 64. The CNN architecture 1 gives 70.15% accuracy with 20 filters 

used in convolution layer 1 and 40 filters used in convolution layer 2, while CNN 

architecture 2 gives 72.70% accuracy with 40 filters used in convolution layer 1 and 80 

filters used in convolution layer 2. The measurement parameters recall, precision, and F1 

score of Gujarati Characters for CNN architecture 1 and CNN architecture 2 are displayed 

in figure 7.16 and figure 7.19 respectively. 

 

FIGURE 7. 17 Gujarati Characters Accuracy with input size 64X64 
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FIGURE 7. 18 Gujarati Characters Measurement Parameters for CNN Architecture1 with input size 

64X64 

 

FIGURE 7. 19 Gujarati Characters Measurement Parameters for CNN Architecture 2 with input size 

64X64 

The same way, Figure 7.20 shows the accuracy for Gujarati characters for both CNN 

architectures with input image size 96 X 96, which shows that this method achieved 

74.15% and 76.25% accuracy for CNN architecture 1 and CNN architecture 2 respectively.  
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FIGURE 7. 20 Gujarati Characters Accuracy with input size 96X96 

The measurement parameters precision, recall and F1 score of Gujarati Characters with 

input image size of 96X96 for CNN architecture 1 and CNN architecture 2 are shown in 

figure 7.21 and figure 7.22 respectively 

 

FIGURE 7. 21 Gujarati Characters Measurement Parameters for CNN Architecture1 with input size 

96X96 
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FIGURE 7. 22 Gujarati Characters Measurement Parameters for CNN Architecture 2 with input size 

96X96 

7.4 Pre-trained Network 

Pre-trained models are an amazing source for people who want to learn and try out their 

work with an existing framework using the Deep Neural network. Because of time 

limitation and computational complexity, it is not always possible to construct a network 

model from scratch, so these pre-trained networks are used to test own dataset or improve 

existing models.  Pre-trained networks are used for generating informative and powerful 

features from a huge set of natural images and mostly they are trained using a different 

subset of ImageNet database, which are consisted of more than million images and 

classified into a large number of classes. The most popular pre-trained networks are 

Alexnet, Vgg16, Vgg19, Googlenet, Squeezenet, Resnet18, Resnet50, etc.. For this 

research work, the Alexnet is used as a pre-trained network for Gujarati Character 

classification, used in [118], [126]. 

7.4.1 Alexnet  

AlexNet is designed by Alex Krizhevsky and won the 2012 ImageNet LSVRC-2012 

competition. The Alenet architecture has depth value 8, depth means “the number of 

convolutional and fully connected layers from input to output layer path in sequence”. 

Originally, Alexnet is used for classifying images into 1000 different classes of objects like 

pencil, mug, mouse, keyboard, and many animals. The architecture of Alexnet is shown in 
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table 7.1 where the input size of the image is 227x227x3. Alexnet has total 25 layers that 

contain five convolution layers and three fully connected layers. After every convolution 

and fully connected layer, the ReLU layer is applied. Dropout is used before the second 

fully connected year. 

 

FIGURE 7. 23 Pretrained Approaches 

Here, the Alexnet is used in two different approaches for Gujarati Character classification. 

In the first approach, it is used as a feature extractor and the second approach is transfer 

learning method for classification as shown in figure 7.23. 

7.4.2 Alexnet as a feature extractor 

In this approach, some layers of the Alexnet are used for feature extraction, and then those 

features are dedicated to traditional classifiers for classification. To extract the features 

using this approach from images of the Gujarati database, the first images were resized into 

227x227x3 and the activation suction is applied at ‘fc7’ fully connected layer where 4096 

features set of the image was generated. The extracted feature set was given to the SVM 

classifier. Here 80% of the images were used for training and 20 % images for testing.  

7.4.3 Transfer Learning Approach 

Implementation of any CNN network from scratch is a very time-consuming process, the 

very easiest way is to use the pre-trained network for learning feature. The transfer 

learning approach using a pre-trained network is a very faster and effortless way of 



                                                                            Pre-Trained Network 

198 
 

training. The weights of the data are taken and transferred to new layers that work as 

another neural network.  

TABLE 7. 1 Alexnet Architecture 

 

To carry out the transfer learning approach, all the pre-trained Alexnet network layers were 

used apart from the last three layers. Last three layers are replaced by following layers in 

transfer learning network: 

1. Fully  connected layer 

2. Softmax  layer 

3. Classification output layer  

In this approach, also 80% of the images were used for training and 20% images for 

testing. For Gujarati Numeral classification, the output size of fully connected layers is 
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replaced by 10, while for Gujarati character classification that value changed by 40, and for 

mixed character and numeral classification the value is replaced by 48.  

7.5 Result Analysis  

The classification accuracy for both pre-trained approaches is shown in table 7.2. 

TABLE 7. 2  Accuracy Measurement for Pretrained Network Approaches 

Database  SVM Classification  Transfer Learning 

Numerals   97.40%  99.30%  

Characters   86.50%  97.65%  

Mixed   89.33%  97.73%  

The precision, recall, and F1 score of Gujarati Numerals, Characters, and mixed numerals 

and characters are shown in figure 7.24, figure 7.25 and figure 7.26 respectively using 

Transfer Learning approach of the Pretrained Network.  

 

FIGURE 7. 24 Gujarati Numerals Measurement Parameters for Transfer Learning Approach
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FIGURE 7. 25 Gujarati Characters Measurement Parameters for Transfer Learning Approach 

 

FIGURE 7. 26 Gujarati Mixed Numeral -Character Measurement Parameters for Transfer Learning 

Approach 

TABLE 7. 3 Percentage Accuracy of numerals using transfer Learning Approach 

Numeral Accuracy Numeral Accuracy 

0 100.00% 5 99.00% 

1 100.00% 6 100.00% 

2 99.00% 7 100.00% 

3 99.00% 8 97.00% 

4 100.00% 9 99.00% 

 

Table 7.3 shows the accuracy of each numeral using transfer learning approach. Most of 

the digits are correctly classified with 99% accuracy. The numeral ‘2’ and ‘8’ are 

misclassified with ‘ 6’, while numeral ‘9’ is misclassified with ‘4’. 
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The accuracy obtained by each character using the transfer learning approach is shown in 

table 7.4, the minimum accuracy of character obtained by this approach is 94%. Most of 

the characters are classified with 100% accuracy. Because of the similar structure of 

characters, the characters looks same and even human being has a problem to identify 

characters which are not properly written. For example, the character ‘h’  and ‘F’  having a 

similar kind of structure. If the person is not writing character properly, then the maximum 

chances of misclassification. 

TABLE 7. 4 Percentage Accuracy of each character using the Transfer Learning Approach 

Character Accuracy Character Accuracy Character Accuracy Character Accuracy 

  100.00%   100.00%   96.00%   94.00% 

  98.00%   94.00%   100.00%   100.00% 

  98.00%   94.00%   100.00%   96.00% 

  98.00%   100.00%   94.00%   100.00% 

  100.00%   96.00%   88.00%   96.00% 

  100.00%   98.00%   98.00%   98.00% 

  100.00%   90.00%   96.00%   98.00% 

  100.00%   94.00%   100.00%   100.00% 

  100.00%   100.00%   98.00%   100.00% 

  98.00%   98.00%   98.00%   100.00% 

 

Table 7.5 shows the list of the characters that maximum misclassified with other 

characters. 
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TABLE 7. 5 List of confused characters 

Character Confused characters Character Confused characters 

   ,  ,      લ,  ,    

   ,      લ,  ,  ,  ,  ,    

    ,        ,  , લ,  ,  ,      

    ,        ,  ,  ,  ,  ,    

    ,  ,  ,          

    ,        ,  ,    

          ,  ,  ,  ,    

          , ણ,    

    ,        ,   

    ,  ,        ,  ,  , શ,    

    ,        ,  ,  ,    

    ,          

   શ, ગ      ,    

    ,        , ણ  

    ,  ,  ,  ,        ,  ,    

    ,  ,       ,   

    ,  ,          

    , ગ,  ,          

    ,  ,        ,  , શ  

    ,  ,  , હ     ,  ,    
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Chapter 8 

 Application System Developed Using OCR 

As an outcome of a research work, the applications are developed based on Gujarati 

Character Recognition. The systems were implemented with a transfer learning approach 

using Alexnet, which discussed in chapter 7. The following list shows the implemented 

applications: 

[1] Handwritten Gujarati Character Recognition and Speech Conversion (HGCTS) 

[2] Handwritten Gujarati Numeral Recognition and Speech Conversion  (HGNTS) 

[3] Automatic Handwritten  Marks Recognition  (AHMR) 

8.1 Handwritten Gujarati Character Recognition and speech conversion 

(HGCTS) system 

 

FIGURE 8. 1 Block Diagram of HGCTS System
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Figure 8.1 shows the block diagram of character recognition from the document and 

converted into speech. In this system, the Gujarati Handwritten document was first 

converted into an image format by scanner or camera. Then the image was binarized using 

Otsu’s binarization method and the noise was removed using the median filter and 

morphological opening operation which is used for removing small unwanted white pixels.  

Figure 8.2 (a) shows the sample document contains Gujarati's sentence without any 

modifiers and figure 8.2 (b) shows the binarization output using Otsu’s method. The 

cleaned preprocessed image is given for segmentation. 

        

                                     (a)                                                                      (b) 

FIGURE 8. 2 (a) Sample Document (b) Binarization Output 

The segmentation was used to isolate the character for reorganization. The segmentation 

was implemented in three steps: first, the line segmentation, then from lines to word 

segmentation and finally, the character was isolated. Figure 8.3 shows the first line 

segment of the document which contains three words. Figure 8.4 shows the word segment 

by measuring the distance between characters. If the distance is greater than the threshold, 

then considered the end of the current word. In this algorithm, the threshold value is 

decided based on the number of column vectors with value = “0” and it is highly dependent 

on the size of the image. Consider the size of the image is mXn then by practical analysis, 

the value of the threshold was obtained 5% of the total number of columns. Suppose the 

size of the image is 500 X 500, then the obtained threshold value is 25 (5%). Further 

isolated character was pulled out using unity labeling and the aspect ratio methods 

described in chapter 3. 
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FIGURE 8. 3 Line Segment 

 

FIGURE 8. 4 Word Segment 

The isolated character image was resized into 227 X 227 X 3 because classification is 

performed using Alexnet based transfer learning approach explained in chapter 7, which 

required input image size 227 X 227 X 3. Figure 8.5 shows the extracted character and its 

resized image. 

 

FIGURE 8. 5 Resized Image of Extracted Character 

Now, according to the classified class, the character was identified, and also character was 

written in a text file. In this system model, the notepad text format was used as a digital 

computer-readable document. For converting the classified characters into speech, a sound 

database was created. Depending upon recognizing character, the respective sound file was 

searched and played.  

 

FIGURE 8. 6 Resultant Text Document
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Figure 8.6 shows the resultant text file. If it is compared to the original document, then 

only one character is misclassified highlighted by a blue color box in figure 8.6, the 

original character in a handwritten document is ‘sa’ but, it is recognized as ‘xa’ which can be 

removed by post-processing techniques discussed in chapter 1. 

8.2 Handwritten Gujarati Numerals Recognition and speech conversion 

(HGNTS) system  

 

FIGURE 8. 7 The HGNTS System Process 

The Handwritten Gujarati Numerals Recognition and speech conversion (HGNTS) system 

is implemented the same way as the character recognition system. The HGCTS system is 

only used for Gujarati character classification while the HGNTS system used for numeral 

classification. Figure 8.7 illustrates the process of the HGNTS system. 
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Here, also, the handwritten document was converted into the binary image, numerals were 

isolated by line segmentation and unity labeling approach. The classification was done by 

the same transfer learning-based approach and system outcomes came in the form of a text 

document as well as in speech. The misclassified digit by the model is shown in figure 8.7 

by the blue rectangle box. The digit was ‘3’ in the original document, but, it is recognized 

as digit ‘6’ because the digit ‘3’ is not written properly in the original document, so it 

mismatched with the digit ‘6’.    

8.3 Automatic Handwritten Marks Recognition (AHMR) system 

An automatic handwritten mark recognition system (AHMR) is very helpful to teachers in 

reducing their administrative workload. Nowadays each student answer sheet is identified 

by the barcode system, only the marks entry task has required the human intrusion in the 

exam system. This system has developed the model for automatic recognition of marks 

from the answer sheets and substitutes the extracted marks into an excel sheet.  Figure 8.8 

shows the block diagram of the AHMR system. 

 

FIGURE 8. 8 Block Diagram of the AHMR System 

In the AHMR system, the answer sheet was converted into a JPEG formatted image by 

camera or scanner. The examiner always used a red color pen to check the answer sheet 

and write the marks. So, first, the red color plane was extracted to segment the marks from
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 the answer sheets. Further, it was converted into a binary image, and then using line 

segmentation and unity labeling approach, the numerals were isolated. The line by line 

classification was done using the same transfer learning approached used in HGCTS and 

HGNTS applications. 

In this system, The marks of each question were recognized and written into an excel 

sheet, but, a total mark was calculated in an excel sheet using a formula and it was 

compared with recognized total marks. If both were the same, then classification was 

accepted, else the system was advised for manual verification.  

 

FIGURE 8. 9 The AHMR System Process 

Figure 8.9 explains the procedure of the AHMR system with a sample generated answer 

sheet. The question wise marks are written into an excel sheet and it also shows the 
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comparison of both totals. The total in the original image is ‘59’ and also in the excel sheet 

indicates ‘59’. So, this classification was accepted. If the totals are not the same, then the 

model gives suggestions for manual verification.  Figure 8.10 shows some other templates 

of the AHMR system. 

 

      

 

FIGURE 8. 10 Templates for AHMR System 
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Chapter 9 

Conclusion and Future Scope 

This chapter describes the summary of the thesis and point out the probable expansion for 

future work. The chapter is separated into two sections. The first section 9.1 concludes the 

thesis by mentioning the major contributions while the second section 9.2 presents future 

directions for further research. 

9.1 Conclusion and Major Contributions 

New methods were presented for offline handwritten character recognition for Gujarati 

Script consisting of numerals, consonants, and vowels. A benchmark database of Gujarati 

samples was created with 5000 samples for Gujarati Numeral in which 500 samples for 

each ten numerals, 10,000 samples for Gujarati characters in which 250 samples for each 

40 characters including consonants and vowels. The Github link of the database is shown 

in reference [130]. 

Seven different feature extraction methods such as Pixel Count Ratio, Object Gradient, 

Object Geometry, Character profile, Local Binary Pattern, Center Symmetric Local Binary 

Pattern, and Wavelet Transform were proposed. The accuracy comparison chart for the 

KNN classifier and SVM classifier for Numerals, Characters, and Mixed are shown in 

figure 9.1, 9.2, and 9.3 respectively.  

Figure 9.1 shows a comparison of accuracy for Gujarati Numeral recognition using KNN 

and SVM classifiers for different feature extraction methods. The Gujarati numerals are 
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recognized with the highest accuracy of 98.72% using the SVM classifier for the Object 

Gradient-based feature extraction method. 

 

FIGURE 9. 1 Accuracy Comparisons for Gujarati Numerals Recognition 

 

FIGURE 9. 2 Accuracy Comparisons for Gujarati Characters Recognition 

Figure 9.2 shows a comparison of accuracy for Gujarati Character recognition using KNN 

and SVM classifiers for different feature extraction methods. The Gujarati characters are 

recognized with the highest accuracy of 92.93% using the SVM classifier for the hybrid 

feature extraction method, which is a combination of Object Gradient and Wavelet 

Transform features. 
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FIGURE 9. 3 Accuracy comparisons for Gujarati Mixed numerals-characters Recognition 

Figure 9.3 shows a comparison of accuracy for Gujarati Mixed numerals-characters 

recognition using KNN and SVM classifiers for different feature extraction methods. The 

Gujarati characters are recognized with the highest accuracy of 92.93% using the SVM 

classifier for the hybrid feature extraction method, which is a combination of Object 

Gradient and Wavelet Transform features. 

Deep learning-based different approaches such as CNN and pre-trained networks. Transfer 

Learning-based approached was used to improve the recognition rate without using manual 

feature extraction. Table 9.1 shows the comparison of all classifiers for Gujarati Script. 

TABLE 9. 1 Comparison of All Classifiers 

  KNN SVM Deep Learning 

Gujarati Numeral Recognition 98.46% 98.72% 99.30% 

Gujarati Charecter Recognition 92.37% 92.31% 97.65% 

Gujarati Mixed Numeral- Character Recognition 92.86% 92.93% 97.73% 

 

The proposed methods are tested on another Gujarati character database and Numeral 

database and achieved 98.40%  and 98.33 % accuracy respectively.  The detail of database 

analysis is described in appendix A and B respectively.  

9.1.1 Comparison of Research Works on Handwritten Gujarati Script 

The comparative summary of the proposed work with other existing similar approaches 

(shown in Table 9.2) indicates that the results obtained are comparable with other existing 

work. 
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The proposed method results were compatible with other researchers’ outcomes. Because 

of the nonavailability of the standard database, all researchers generated their own database 

for research work.  It is not possible to compare different algorithms and techniques on a 

similar network to abstract any possible unfairness. 

TABLE 9. 2 Comparison of Proposed Method Results With Others In Same Domain 

Author Feature 

Extraction 

method 

Classification 

method 

Numerals 

/characters 

Dataset Accuracy 

Maloo & 

Kale[77] 

Affine Invariant 

moment 

SVM Numerals 80 91.00% 

Apurva Deai 

[72] 

Profile Vector FFBPNN Numerals 3000 81.66% 

Goswami et al. 

[75] 

Self organized map  KNN Characters (40 

printed 

characters 

693 82.36% 

Baheti et al. 

[76] 

Affine Invariant 

moment 

SVM Numerals 800 90.04% 

Moro et al. 

[78] 

Profile Vector FFBPNN Numerals 900 80.50% 

Sharma et al. 

[80] 

Zoning based FFBPNN Numerals 14,000 95.92% 

Macwan and 

Vyas [81] 

Gradient feature SVM Characters (39 

characters) 

7800 96.06% 

Vyas and 

Goswami [82] 

DFT KNN Numerals 3000 93.60% 

Nagar & Mitra 

[86] 

Stoke orientation SVM Numerals 12889 98.91% 

A.Desai [88] Hybrid features SVM Characters (41 

characters) 

7960 86.60% 

Sharma et al. 

[89] 

Zoning based SVN Characters (41 

characters and 

44 classes) 

20,500 98.77% 

Sharma et al. 

[90] 

Fusion features SVM Numerals 14,000 99.92% 

Proposed 

method 

CSLBP KNN Numerals 

 

5,000 

 

98.46% 

Object Gradient SVM 98.72% 

-- CNN with 

Transfer 

Learning 

99.30% 

Hybrid (Gradient 

+ CSLBP) 

KNN Chracters (39 

characters) 

10,000 92.37% 

Hybrid (Gradient 

+ Wavelet)  

SVM 92.93% 

-- CNN with 

Transfer 

Learning 

97.73% 
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9.1.2 Major Contribution 

The major contributions are summarized below: 

 In the proposed research work, 10 numerals and 40 characters were used for the 

Gujarati script Recognition. 

 A database consisting of 15,000 samples of handwritten characters was created in 

Gujarati language as a benchmarking for the design of an algorithm. 

 The author has implemented 7 different types of feature extraction techniques and 

tested it on two different classifiers, KNN and SVM.  

 The author has proposed a novel algorithm using the Convolutional Neural 

Network and transfer learning approach for Gujarati Character Classification.  

 The novel algorithm gives the Classification accuracy of 99.30% for handwritten 

Gujarati numerals, 97.65%  for Gujarati Characters, and 97.73%  for mixed 

numerals-characters respectively. 

 Based on the achieved accuracy, 03 different types of applications based on 

Gujarati Numeral and Character were developed named “Handwritten Gujarati 

Character Recognition and Speech Conversion (HGCTS)”, “Handwritten Gujarati 

Numeral Recognition and Speech Conversion  (HGNTS)” and “Automatic 

Handwritten  Marks Recognition  (AHMR)” 

Limitations: 

 The proposed methodology will not be able to tackle the real-time problem of 

handwriting styles, which creates the broken characters. (For example, as per the 

following figure 9.6). 

 

FIGURE 9. 4 Image of broken character 

 The author has suggested a novel algorithm for Gujarati language classification 

using a deep learning approach that requires long training time and needs to be 

tackled. 
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 The author has suggested a novel algorithm for Gujarati language classification 

using a deep learning approach that requires large amounts of computations at each 

layer for all neurons which require GPU or a fast CPU with many cores.   

9.2 Future Scope 

The methods presented in this thesis have experimented with Gujarati Numerals and 

Characters. Future work that needs to be carried out includes the following: 

 This work opens a window for many interesting problems in this domain like the 

automatic detection of the amount written in Gujarati on bank cheques, marks 

written on the answer sheet, and in Gujarati numeral and characters learning 

application. 

 A standardized database created and make it available to the research community 

for experimentation and implementation. 

 Improvement of the feature extraction techniques in order to reduce the 

misclassification. 

 This thesis does not include the recognition of compound characters used in the 

Gujarati script, which can be suggested for future development. 

 Recognition of degraded handwritten characters is suggested for the 

implementation as a future scope. 

 The multi-stage classification algorithm using improved feature space can be 

developed for improved accuracy in the future. 

 The proposed methodology may be used in another Indian language script that has 

the similar kind of features. 

 The pre-processing activities such as binarization and segmentation are parameter 

dependent. Mechanism to fully automate these processes may be developed. 

 The methodologies can be extended in recognition of full Gujarati Script with 

modifiers known as ‘matras’. 

 An online handwritten character's analysis using the structural features of Gujarati 

numerals and characters can be used along with the dynamic information. 

To satisfy the aim of human reading-interpretation by machine, this research can be 

extended further for the handwritten document digitization. 
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Appendix A 

 

Testing of the proposed methodology on another Gujarati Character Database 

 

Macwan and Vyas [82] generated a database of handwritten characters for offline Gujarati 

character recognition. The data were collected from a broad group of people, considering 

their professions, age groups, as well as their proficiency over the language on the sheet. 

No constraints were provided for their writing as well as on the type of pen used by them. 

A total of 39 Gujarati characters in which 34 consonants and 5 vowels, were used for 

Implementation. They had collected 200 data samples for each basic Gujarati character. 

So, the dataset contains a total of 7800 Gujarati handwritten character samples. In their 

proposed work, the feature set was calculated by different algorithms like DWT, DCT, 

DFT, freeman chain code, Gradient features Zernike Moments. The SVM is used as a 

classifier with 10 fold cross-validation and achieved 96.65% of the highest accuracy using 

gradient features. Table 1 shows the characters used for research work. Figure 1 shows 

sample images of the character ‘h’ where all images are in different sizes.  

Table 1 Gujarati characters are used in [82] 

k Ka ga Ga ca C J z T Z 

D @ Na ta qa d Qa na pa f 

ba Ba ma ya r la va Sa Ya sa 

h La xa &a A [ { ] }  

 

To apply the proposed methods used in this thesis for this database, all images were 

skeletonized and then resized into 64X64 size of images. 

The accuracy obtained by all methods is shown in table 2. The hybrid feature extraction 

method of Object Gradient and CSLBP gives the highest accuracy of 98.59% using the 

KNN classifier and the hybrid feature extraction method of Object Gradient and haar 

Wavelet Transform gives the highest accuracy of 98.71% using the SVM classifier.  
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Figure 1 sample images of character ‘h’ 

Table 2 The accuracy obtained by the proposed method 

Feature 

Extraction 

Method 

No. of features Accuracy 

KNN SVM 

Pixel Count 

Ratio 

64 96.13% 96.51% 

Object Gradient 108 97.76% 98.16% 

Object Geometry 82 84.90% 90.49% 

Character profile 298 93.08% 90.64% 

LBP 590 93.16% 98.34% 

CSLBP 272 97.79% 97.46% 

Wavelet 

Transform 

64 97.77% 97.52% 

Object Gradient 

+ LBP 

1111 97.82% 98.08% 

Object Gadient + 

CSLBP 

268 98.59% 98.01% 

Object Gadient + 

Wavelet 

Transform (haar) 

172 97.96% 98.71% 

Object Gadient + 

Wavelet 

Transform (db4) 

304 98.04% 98.05% 

 

Table 3 shows the accuracy obtained by the proposed Deep Learning methods, which 

received 98.40 % of the highest accuracy using the Transfer Learning approach.  
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Table 3 Accuracy obtained by the proposed Deep Learning Methods 

Deep Learning Method Accuracy 

CNN architecture 1 96.92% 

CNN architecture 2 96.56% 

Pretrained for feature extraction + 

SVM as classifier 

97.37% 

Transfer Learning approach 98.40% 

 

From this analysis, it is clear that the accuracy of any method highly depends on the 

dataset used for research work. The dataset generated by Macwan and Vyas gives higher 

accuracy than the dataset implemented for this thesis research work. If the whole dataset 

[82] is given as testing samples to the transfer learning approach model, which is discussed 

in chapter 7, then the model gives 94.67% of recognition rate. 
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Appendix B 

 

Testing of the proposed methodology on another Gujarati Numeral Database 

 

M. Goswami and S. Mitra [129] developed an offline handwritten Gujarati numeral 

database of a reasonable size. The database consists of 14000 samples collected from 140 

people with different age group, educational background, and work culture. They used the 

block-wise histogram of low-level stroke features for the recognition and the average test 

accuracy obtained on the Gujarati database was 96.49 % and 98.46%  using KNN and 

SVM classifiers respectively. Figure 1 shows sample images of the numeral ‘5’ where all 

images are in different sizes.  

 

Figure 1 sample images of numeral ‘5’ 

To apply the proposed methods used in this thesis for this database, all images were 

skeletonized and then resized into 64X64 size of images. The accuracy obtained by the 

proposed methods is shown in table 1. The hybrid feature extraction method of Object 

Gradient and CSLBP gives the highest accuracy of 98.19% using the KNN 
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classifier and the hybrid feature extraction method of Object Gradient and haar Wavelet 

Transform gives the highest accuracy of 97.82% using the SVM classifier.  

 

Table 1 The accuracy obtained by the proposed method 

Feature 

Extraction 

Method 

No. of features Accuracy 

KNN SVM 

Pixel Count 

Ratio 

64 96.11% 95.90% 

Object Gradient 108 97.56% 97.60% 

Object Geometry 82 90.90% 91.48% 

Character profile 298 95.08% 92.94% 

LBP 590 97.36% 97.36% 

CSLBP 272 97.58% 96.49% 

Wavelet 

Transform 

64 97.08% 96.07% 

Object Gradient 

+ LBP 

1111 97.51% 97.65% 

Object Gadient + 

CSLBP 

268 98.19% 97.31% 

Object Gadient + 

Wavelet 

Transform (haar) 

172 97.57% 97.82% 

Object Gadient + 

Wavelet 

Transform (db4) 

304 97.58% 97.56% 

 

Table 2 shows the accuracy obtained by the proposed Deep Learning methods, which 

received 98.33 % of the highest accuracy using the transfer learning approach.  

Table 2 Accuracy obtained by the proposed Deep Learning Methods 

Deep Learning Method Accuracy 

CNN architecture 1 93.64% 

CNN architecture 2 93.40% 

Pretrained for feature extraction + 

SVM as classifier 

95.38% 

Transfer Learning approach 98.33% 
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