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ABSTRACT 

ADAPTIVE NEURO-FUZZY INFERENCE BASED PATTERN 
RECOGNITION STUDIES ON HANDWRITTEN 

CHARACTER IMAGES 

This study investigates the potential use of state-space parameters and 

zoning based vector distance information for handwritten character modeling 

and the credibility of Adaptive Neuro-Fuzzy Inference System (ANFIS) for 

pattern recognition applications. To start with, an image database for 

Malayalam handwritten character set consisting of eighty one elements is 

designed and developed. The database consists of a total of 57,996 BMP 

formatted and, 128x84 pixel sized image samples collected from 716 writers. 

The whole set of available data is split up into two categories namely training 

set and test set in 1 :  1 ratio. The database developed in this work is the first of 

its kind in Malayalam. Among the eighty one elements present in the 

database, forty four basic characters are selected for the recognition studies in 

this thesis. 

In the pre-processing stage the handwritten character images are 

binarized using Otsu's global thresholding technique. The size normalization 

is also performed for uni&ing the character patterns into a standard 66x42 



pixel size using Affine Transformation and Bilinear Interpolation algorithm. 

The size normalized binary images are then skeletonized using a rotation 

invariant rule based thinning algorithm. 

In feature extraction stage, the handwritten character images are 

modeled using state-space parameters extracted directly from gray-scale 

images with out the usual step of binarization. For this purpose, the 

reconstructed state-space of each character image and the scatter plot of its 

trajectory matrix named State- Space Map (SSM) are generated. Then the 

State-Space Point Distribution (SSPD) parameters are extracted from the 

SSMs of the collected samples. These features are found to be promising and 

used later in the recognition experiments. 

In the next stage, the shape analysis of the Malayalam handwritten 

characters is performed on the basis of existence ratio, aspect ratio and the 

centroid of each character pattern. From this study it is found that the region 

decomposition or zoning is the simplest and most suitable method to identiQ 

the information content regions in Malayalam handwritten characters. Then 

the Zoned Vector Distance (Z-VD) features and Fuzzy-Zoned Normalized 

Vector Distance (FZ-NVD) features are extracted from the binary skeletons of 

the pre-processed character images. 

The cluster analysis based on c-Means clustering technique is 

performed on the extracted feature vectors and this clustering method is 



further used for classification purpose. The k-Nearest Neighbour statistical 

algorithm is also used for recognition purpose and the results indicate the 

credibility of the extracted features. Classification studies are also performed 

by means of Class-modular Multilayer Feed-forward Neural Network with 

Error Back-propagation learning algorithm. By comparing the recognition 

results obtained using the above classifiers, it is observed that the FZ-NVD 

parameters provide better recognition accuracy for Malayalam handwritten 

characters. These features are used further in the recognition experiments. The 

recognition results also indicate that the performance of the above used 

classification techniques are moderately adequate but necessitate definitely a 

modified combined classifier approach. 

In the next phase of this study, the recognition experiment is conducted 

based on FZ-NVD features using Adaptive Neuro-Fuzzy Inference System 

(ANFIS). For this purpose fuzzy If... ..then rules are framed from the FZ-NVD 

parameters. This is achieved by the fuzzification of each attribute of the 

feature vector using three fuzzy sets SMALL, MEDIUM and LARGE defined 

by Gaussian membership functions. This fuzzy rule set definitely has the 

capacity to handle the immense variations in distinct writing styles of 

individuals. 

In this study, we used Sugeno fuzzy model (TSK model) for modeling 

the inference part of ANFIS. To perform parameter adjustments in learning, 



ANFIS needs partitioning of the input space according to the target classes. 

In order to facilitate this process a pre-processing operation is performed on 

the entire rule set using ID3 decision tree induction procedure. The reduced 

set of optimum rules obtained as a result of this pre-processing is given as 

input to the inference part of ANFIS. A gradient based learning algorithm, 

proposed by Jang.J-S.R is effectively used to estimate the parameter set in 

learning. 

In the present study, we used a set of 15,752 samples of the forty four 

Malayalam handwritten characters collected from 358 different writers for 

training and a disjoint sample dataset of same size for testing. The entire 

system is developed and implemented using MATLAB 7. The recognition 

accuracy obtained for forty four Malayalam handwritten characters based on 

fuzzy-zoned normalized vector distance (FZ-NVD) parameters using the 

proposed ANFIS approach is found to be promising. Our research findings on 

handwritten character recognition, employing methodologies and algorithms 

on adaptive network based fuzzy inference system, are the first of its kind in 

Malayalam. Further it establishes that the neuro-fuzzy approach, a key 

component of soft computing, provides flexible information processing 

capability as regards to the recognition of ambiguous patterns. 
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CHAPTER l 

INTRODUCTION 

1.1 Background 

One of the most impressive capabilities of human brain is the ability to 

recognize patterns in nature. Throughout the history of human search for 

knowledge, pattern recognition has been one of the main rationales behind the 

vast range of theories and concepts that we developed to understand natural 

world. The major goal of pattern recognition research is to make computers 

easier to communicate with people in a less constrained manner and thus to 

make its benefits available to the society. As a result machine simulation of 

human reading has been a subject of intensive pattern recognition research in 

the last three decades. In the infant stages of this research, investigations were 

limited by the memory and computational power available at that time. With 

the explosion of Information Technology, there has been a dramatic increase 

of r,esearch in this field since the beginning of 1980s. 

Document Image Analysis refers to algorithms and techniques that are 

applied to images of printed or handwritten documents to obtain a computer 

readable description from it. Research in this field dates back to the earliest 

experiments in computer vision, and remains prominent by the close and 

productive ties between the academic and industrial communities. 

A well-known document image analysis product is the Optical Character 



Recognition (OCR) system. This software converts the scanned images of 

printed text (numerals, letters or symbols), into computer processable format 

(such as ASCII). At present, reasonably good OCR packages are available for 

most of the languages. But these packages are able to recognize only high 

quality printed text documents. It is worth noticing that despite the emergence 

of some specific application specific OCR systems for printed documents, 

progress is still to be made in the case of handwriting processing. In this 

background an exhaustive research is needed in the area of Handwritten 

Character Recognition (HCR) to deal with unconstrained handwritten 

documents. 

According to the way in which handwriting data is generated, two 

different approaches are present in HCR: on-line and off-line. In the former, 

the data are captured during the writing process by a special pen on an 

electronic surface. In the latter, the data are acquired by a scanner after the 

writing process is over. The recognition of off-line handwriting is more 

complex than the on-line case due to the presence of noise in the image 

acquisition process and the loss of temporal information such as the writing 

sequence and the velocity. Off-line and on-line recognition systems are also 

categorized according to the applications they are devoted to. The off-line 

recognition is dedicated to bank check processing, mail sorting, reading of 

commercial forms etc., while the online recognition is mainly dedicated to 

pen computing industry and security domains such as signature verification 



and author authentication. The present study, based on pattern recognition, is 

specifically interested in off-line recognition of isolated Malayalam 

handwritten characters. 

1.2 Motivation 

The motivation for the spurt of activities in the field of handwritten 

character recognition is the increasing need for common people to interact 

with the computing machines in their natural mode of communication. 

Another important motivation is to design and make intelligent machines. The 

interest devoted to this study is not only due to the exciting challenges 

involved but also by the expected huge benefits that a HCR system, designed 

in the context of a commercial application, could bring. 

Our visual system is capable of recognizing image patterns in an 

impressively fast and accurate way. We recognize various patterns and objects 

in the daily environment without much effort. The task of handwritten 

character recognition, that is simple for human, is still a problem to a 

machine. It depends on various constraints and parameters and still without a 

definite solution. Even though tremendous advances have been made for the 

recognition of printed characters recently, the recognition of handwritten 

characters pose some difficult and interesting challenges. 

The recognition of numerals, a sub field of character recognition, is 

subject of much attention since the beginning of research in the field of HCR 



and has achieved almost saturation with more than 99% recognition accuracy. 

In the case of recognition of alphabetic characters, the problem becomes more 

complicated since the ambiguity is high and the number of classes to be 

distinguished is more. 

Many promising research results are reported in the area of 

handwritten character recognition for languages like English, Chinese, 

Korean, Japanese and Arabic. In Indian languages studies are active in 

Devanagari and Bangla. Some promising research findings are also reported 

in South Indian (Dravidian) languages like Tamil, Telungu and Kannada, 

where as HCR research in Malayalam is still in its infancy. So extensive 

research works are highly essential in Malayalam handwritten character 

recognition. 

Selection of a feature extraction method is probably the single most 

important factor in achieving high recognition performance. At present there 

is no perfect mathematical model that can describe the extreme variations 

present in handwriting and hence it is impossible to find characteristic 

features that are invariant with different writing styles. It is also noted that the 

existing features like Fourier descriptors, Wavelet Transformation based 

parameters, Zernike moments, Invariant moments etc. are not easy to 

implement because of their computational complexity. So in the present 

study an investigation is carried out for designing a computationally simple 



feature extraction method in order to extract parameters that are reasonably 

insensitive to variations caused by individual writing styles. 

Another intention of this study is to identiQ features to represent 

Malayalam handwritten characters with reduced dimensions and design 

computationally simple algorithms to extract them. The curse of 

dimensionality phenomenon [Duda.R.O and Hart.P.E, 19731, [Jain.A.K and 

Chandrasekaran.B, 19821 cautions us that with a limited training set, the size 

of feature must be kept reasonably small to get a better recognition result. The 

problem with existing features (e.g., chain code histograms/directional chain 

codes, contour profiles, stroke based features etc.,) is that, in almost all the 

cases, size of the feature vector is very large. At present, the computational 

complexity of feature extraction technique and the large size of the feature 

vector both play major role in limiting the performance of the recognition 

systems. To develop a considerably small sized feature vector with an easy to 

implement feature extraction technique, gray-scale based state-space 

parameters and the perceptual fuzzy-zoned normalized vector distance 

parameters are presented. These features are computationally less complex 

and easy to implement on hardware. 

In each and every phase of a pattern recognition system, uncertainty 

can arise either implicitly or explicitly. This is mainly due to the incomplete, 

imprecise or ambiguous input information and the ill defined andlor 



overlapping boundaries among the classes of regions. At preset there is no 

HCR system that has sufficient provision for representing and handling these 

uncertainties. The best solution for this problem is the fuzzy inference 

system. Its significance in the realm of pattern recognition is adequately 

justified in 

Representing linguistically phrased input features for processing 

Providing an estimate (representation) of missing information in 

terms of membership values. 

Representing multi-class membership of ambiguous patterns and in 

generating rules and inferences in linguistic form 

Extracting ill-defined image regions, primitives and properties and 

describing relations among them as fuzzy subsets. 

This is the main motivation of the study towards the development of a 

HCR system with fuzzy inference based classifier architecture. The aim is to 

incorporate generic advantages of artificial neural networks (massive 

parallelism, robustness and learning) and fuzzy logic (handling of uncertainty 

and impreciseness) into the recognition system. As a result an integration of 

neural networks and fuzzy theory, commonly known as neuro-fuzzy 

computing has been adequately investigated in this study. Often the neuro- 

fuzzy models are found to perform better than either a neural network or a 

fuzzy system considered individually. In this perspective the present study 



proposes a suitable pattern recognition scheme based on adaptive neuro-fuzzy 

inference model for the recognition of unconstrained isolated Malayalam 

handwritten characters. 

1.3 Outline of the Work and Main Results 

The intend of the chapter 2 is to establish the necessary background for 

the following chapters. The former part of the chapter presents a summary of 

the research findings reported in the pre-processing techniques with a review 

of reported methods and main investigations towards the feature extraction. 

The later part describes various successful recognition strategies adopted in 

handwriting recognition followed by a special review on handwritten 

character recognition research in Indian languages. 

Chapter 3 deals with the data acquisition methods and creation of an 

image database for Malayalam handwritten character set including eighty one 

elements consisting of vowels, consonants, chillukal, special symbols and 

numerals. The character samples are digitized by scanning at 300 dpi and 

stored as 128x84 pixel size in the BMP file format. The database consists of a 

total of 57,996 samples of eighty one character elements collected from 716 

writers. The whole set of available data is split up into two categories namely 

training set and test set in the ratio 1:l. The developed database has the 

potential to be used as a resource for the handwritten character recognition 

research and this work is the first of its kind in Malayalam. 



Chapter 4 describes various pre-processing techniques that are 

necessary for character images including binarization (thresholding), size 

normalization and thinning (morphological skeletonization) with their 

application outcomes. The objective of binarization is to automatically choose 

a threshold that separates the foreground and background information. The 

character images are binarized, using Otsu's iterative global thresholding 

technique. The second pre-processing is the size normalization, which is 

highly essential because of the large size variations present in the handwritten 

character samples in the database. To this end all the character image samples 

are mapped into a standard window of 66x42 pixel size. For this mapping, 

Affine Transformation is performed with the Bilinear Interpolation algorithm. 

Thinning is applied on character images for obtaining a one pixel wide 

skeleton of the original pattern. To perform thinning, a rotation invariant rule 

based thinning algorithm proposed by Ahmed.M and Ward.R is applied on 

the size normalized binary character image sample. The character samples 

obtained after these pre-processing operations are then considered for feature 

extraction. 

A novel method for modeling Malayalam handwritten characters based 

on the state-space pixel distributions of their gray-scale images is described in 

chapter 5. In the proposed method the reconstructed state-space for each 

character pattern is modeled based on the information obtained from the pixel 

intensity distribution of both the foreground and the background of the 



gray-scale image. The scatter plot of the row vector of the trajectory matrix of 

embedding dimension d=2 named State-Space Map (SSM) is generated from 

the reconstructed state-space of character images. These SSMs are 

constructed by incorporating one, four and eight directional space variations, 

by considering one nearest neighbour, 4-neighbours and 8-neighbours of each 

pixel in the character image. The experimental results show that the SSMs 

constructed with eight directional space variations are well informed and 

hence it can be effectively used for modeling handwritten characters. The 

SSMs are also found to be similar for different samples of the same character 

and differs from character to character. In the next stage, the State-Space 

Point Distribution (SSPD) graph is plotted using the SSMs with eight 

directional space variations and consequently the SSPD parameters are 

extracted from it. The SSPD parameters are found to be promising and it is 

further used in recognition experiments. 

In chapter 6, the shape analysis of Malayalam handwritten characters is 

carried out based on the existence ratio, aspect ratio and the centroid of each 

character pattern. From this study it is found that the region decomposition or 

zoning is the simplest and most suitable method to identim the information 

content regions of Malayalam characters. Two different perceptual zoning 

based features are specially designed for Malayalam characters. At first, the 

zoned vector distance (2-VD) features are extracted from the pre-processed 

character images. These features are then modified by introducing fuzzy-zone 



boarders and normalized vector distance measures to obtain fuzzy-zoned 

normalized feature vector (FZ-NVD) parameters. The recognition studies 

based on the above mentioned features using different pattern classifiers are 

performed in the succeeding chapters. 

In Chapter 7, the cluster analysis and classification based on c-Means 

clustering algorithm is performed based on the extracted feature vectors. The 

well-known non-parametric statistical algorithm named k-Nearest Neighbour 

classifier is also employed for recognition purpose. Then the classification 

studies are performed by means of Class-modular Multilayer Feed-forward 

Neural Network with Error Back-propagation learning algorithm. The 

recognition accuracies obtained using FZ-NVD features are found to be more 

promising and it is used for developing a recognition scheme based on 

neuro-fuzzy networks to achieve better performance. 

Chapter 8 describes the design and development of a handwritten 

character recognition system based on the adaptive network based fuzzy 

inference mechanism. For this purpose, a fuzzy g.. ... then rule set is framed 

from the FZ-NVD features. This rule set is capable of handling the immense 

variations in distinct writing styles of individuals. This is achieved by the 

fuzzification of each attribute of the feature vector using the fuzzy sets 

SMALL, MEDIUM and LARGE defined by Gaussian membership functions. 

For recognition we used Adaptive Neuro-Fuzzy Inference System (ANFIS), 



the inference part of, which is based on Sugeno fuzzy model. To perform 

parameter adjustments in learning, ANFIS needs partition of the input space 

according to the target pattern classes. For this purpose a pre-processing 

operation is performed on the entire rule set using ID3 decision tree induction 

procedure. The reduced set of ID3 driven optimum rules is given as input to 

the inference part of ANFIS. The network is then trained using a gradient 

based learning algorithm proposed by Jang.J.-S.R. Here we used a set of 

15,752 samples of the forty four Malayalam handwritten characters for 

training and a disjoint sample dataset of same size for testing. The entire 

system is developed and implemented using MATLAB 7. The overall 

recognition accuracy obtained for forty four Malayalam handwritten 

characters using the proposed ANFIS approach based on FZ-NVD features is 

82.35%. This result is as good as the highest recognition accuracy reported in 

various other Indian languages. Since the FZ-NVD feature vector size (Nine) 

is considerably small and the ill-defined inputs are efficiently treated using 

fuzzy inference part of ANFIS, this system can be easily implemented for 

high-speed recognition. 

Finally, chapter 9 concludes this work and suggests a few directions 

for future research. 



CHAPTER 2 

REVIEW OF PREVIOUS WORK 

2.1 Introduction 

Automatic recognition of handwritten text was regarded as an 

important and challenging research area by scientists and engineers even 

before the advent of modern electronic computers. The initial research works 

to automate the recognition of printed characters were reported after the 

development of the first operational digital computer [Glauberman.M.H, 

19561, [ERA, 19571, [Chow.C.K, 19571. During the 1960s and 1970s, the 

recognition systems for printed text were developed to an operational level 

[Balm.G.J, 19701. But the reliable system performance was achieved only 

when the special fonts were used in printing. With the explosion of 

Information Technology, there has been a dramatic increase of research in this 

field since the beginning of 1980s. 

The important research works that has been reported so far include the 

development of handwritten character recognition systems for English, 

Japanese, Chinese, Arabic, Korean [Bortolozzi.F et al., 20051 and for a few 

Indian Languages like Devanagari and Bangla [Pal.U and Chaudhuri.B.B, 

20041. The highest recognition accuracy reported is 92.3% for English 

lowercase letters (26 classes) [Dong.J.X et al., 20011 and 87% for English 

upperllowercase letters (52 classes) [Britto S.Jr. et al., 20041 evaluated on 



NIST database. In the case of characters in Indian languages the problem 

becomes more complicated and it is still an open problem. 

This chapter presents a summary about the recent advances, new trends 

and important contributions in the area of handwritten character recognition. 

Generally, a handwritten character recognition system includes three main 

modules: pre-processing, feature extraction and classification. This review is 

also organized and presented on the basis of these tasks. Section 2.2 presents 

a summary of the research findings in the pre-processing techniques. 

Section 2.3 gives a review of methods and main investigations towards 

feature extraction. Section 2.4 describes various recognition strategies 

adopted in handwriting recognition. Section 2.5 presents a special review on 

handwritten character recognition research in Indian languages and finally 

section 2.6 concludes this review. 

2.2 Review of Pre-processing Techniques for Handwritten Character 

Images Focused on Thresholding, Size Normalization and Thinning 

Major research works carried out in pre-processing techniques, applied 

on character images are discussed in this section. In pre-processing, one 

normally performs thresholding (binarization), size normalization, 

morphological skeletonization (thinning), skew correction and slant 

normalization. In the case of isolated handwritten character images if the 

samples are collected in separate boxes provided for writing, the skew and 

slant variations present are limited to a tolerable range. In such cases, skew 



correction and slant normalization are not relevant. So only the foremost 

pre-processing operations namely thresholding, size normalization and 

thinning are reviewed in this instance. 

Existing binarization techniques can be categorized as either global or 

local. Global thresholding algorithms use a single threshold, while local 

thresholding algorithms compute separate threshold for each pixel (or group 

of pixels) based on the neighborhood of the pixel. Global techniques are 

usually effective in character recognition because the majority of the character 

images have relatively constant contrast [Nakagawa.Y and Rosenfeld.A, 

19791, [Mardia.K.V and Hainsworth.T.J, 19881, [Yanowitz.S .D and 

Bruckstein.A.M, 19891, [Trier.O.D and Taxt.T, 19951. Local adaptive 

thresholding techniques are appropriate in some special instances, especially 

for the documents with locally varying foreground and background intensities 

such as engineering drawings, maps, newspapers, forms and mail envelops 

[Sahoo.P.K et al., 19881, [Parker. J.R, 199 l]. 

Many global thresholding techniques were proposed over the last few 

years [Ridler.T and Calvard.S, 19781, [Otsu.N, 19791, [Kapur.J.N et al., 

19851, [Kittler.J and Illingworth. J, 19861, EPa1.S.K and Rosenfeld.A, 1 9881, 

[Abutaleb.A.S, 19891, [Pal.N.R and Pal.S.K, 19891, [Kurita-T et al., 19921, 

1Huang.L.K and Wang.M.J.J, 19951, [Brink.A.D and Pendock.N.E, 19961. 

Sahoo et al., [Sahoo.P.K et al., 19881 compared the performance of more than 

twenty global thresholding algorithms including all the above cited methods. 



Their comparison results show that Otsu's method [Otsu.N, 19791 gives best 

performance. 

In Trier and Jain's study [Trier.O.D and Jain.A.K, 19951, four global 

thresholding techniques were compared using a performance criterion based 

on the capability of an OCR module developed for recognizing numbers from 

hydrographic images. In their study Otsu's technique [Otsu.N, 19791 

performed best, followed, in order, by Kapur et al.'s [Kapur.J.N et al., 19851 

algorithm, which uses entropy of the histogram to compute the appropriate 

threshold value, Abutaleb's [Abutaleb.A.S, 19891 method based on two 

dimensional entropy and Kittler and Illingworth's [Kittler.J and Illingworth.J, 

19861 minimum error technique. 

Solihin and Leedham [Solihin.Y, Leedham.C.G, 19991 report a new 

class of histogram based global thresholding technique called Integral Ratio. 

Two integral ratio thresholding techniques, Native Integral Ratio (NIR) and 

Quadratic Integral Ratio (QIR) are presented in their work. This method 

separates the handwriting from the background by selecting an optimal 

threshold using histograms modified by integral ratio techniques. This 

algorithm guarantees following three tight requirements. 

i. Retain all details of the handwriting, including faint skate-on and 

skate-off pen strokes at the beginning and end of strokes. 

ii. Remove the background, which may contain dark colours andlor 

patterns. 



iii. Retain handwriting produced by a wide variety of pens such as a 

fountain pen, ballpoint pen, fiber-tip pen, and pencil. 

This technique is based on a two stage thresholding approach that 

necessitates each pixel of a handwritten image to be placed into one of the 

three areas: foreground, background and a fkzzy area (where it is hard to 

determine whether a pixel belongs to the foreground or to the background). 

Experimental results show that the QIR method is better than the well-known 

thresholding techniques (including Otsu's technique and Kapur's entropy 

thresholding technique) for certain applications, such as forensic document 

examination, where the above said tight requirements should be strictly 

observed. 

Although many thresholding techniques have been proposed, none 

were designed specifically for handwriting images. Most of the comparative 

studies also consider the problem of thresholding in a more general image 

processing perspective. An appropriate choice of thresholding technique can 

be made in between Otsu's technique (suitable for the character images with 

relatively constant contrast) and QIR technique (suitable for forensic 

exercises where the document is to be examined in a more accurate way). 

Size normalization of handwritten character is another important 

pre-processing operation addressed in this review. In a work on normalization 

for hand written numerals, Nagy et al. [Nagy.G and Tu0ng.N 19701 studied a 

family of pattern normalization techniques based on geometric projections. 



These techniques are applied to a set of 13,000 hand printed numerals 

obtained from sale clerks in the course of routine sales operations. The 

principle involved in his algorithm transforms a quadrilateral specified in 

terms of convex hull of each character pattern into a square. The results of 

normalization achieved in this method are compared and found better with 

respect to other published methods including size normalization through 

moments [Ugawa.K et al., 19671. 

As presented by Oliveira et al., [Oliveira de J.J. Jr. and Ve1oso.L.R Jr., 

20001, to perform size normalization, the character images can be linearly 

mapped into a standard plane by interpolation/extrapolation. Here the size and 

position of the character pattern is controlled such that the x and y dimensions 

of the normalized plane are filled. 

In a recent research work, Battiato et al., proposed a new edge adaptive 

algorithm for zooming digital images [Battiato.S et al., 20001. In their work, 

the character image is binarized and the height and width of the character 

pattern found out. The original gray-scale image is then cropped into the 

minimum rectangle enclosing the character curve. After that the character 

image is transformed in to a fixed sized window using Affine Transformation 

and Bilinear Interpolation algorithm. All the above studies indicate that size 

normalization of handwritten character images simplifies and enhances the 

performance of recognition systems. 



As a result of its central role in pre-processing of data images, the 

design of thinning or skeletonization algorithms has been a very active 

research area since its inception. Thinning procedure transforms digital binary 

patterns into connected skeletons of unit width. Much of the handwritten 

character recognition works reported are based on thinned characters 

[Sherman.H, 19591, [Deutsch.E.S, 19681, [Alcorn.T.M and H0ggar.C. W, 

19691, [Triendl.E.E, 19701, [Beun.M, 19731, [Tamura.H, 19781, 

[Suen.C.Y et al., 19801, [Ogawa.H and Taniguchi.K, 19821, [Smith.R. W, 

19871, [Lam.L and Suen.C.Y, 19881, [Abdulla.W.H et al., 19881, [Lam.L and 

Lee.S.W, 19921. Integrated Circuits have also been designed for this purpose 

[Rahier.M.C and Jespers.P.G.A, 19801. 

One of the earliest experiments on thinning of character patterns was 

conducted by Dinnen [Dinnen.G.P, 19551. In his work an averaging operation 

over a square window with a high threshold is used for thinning the input 

image. Kirsch et al., [Kirsch.R.A et al., 19571 proposes a cluster operation to 

obtain a thin line representation of character patterns. 

There are two basic approaches for thinning a digital pattern: iterative 

boundary removal and distance transformation [Rosenfeld.A and Pfaltz.J, 

19681, [Danielsson.P.E, 19801, rToriwaki.J.1 and Yokoi.S, 198 l], [Davies.E.R 

and Plummer.A.P.N, 19811, [Borgefors.G, 19841, [Arcelli.C and Baja.G.S.D, 

19851. The former method is widely used for handwritten character images, 

since it removes boundary pixels of a connected component that neither 



preserve the connectivity of the pattern nor represent any of its significant 

geometrical features. Two basic implementation techniques have been used 

for this operation. One is the sequential approach, in which pixels are 

examined and transformed depending on the previous processed results. The 

other is parallel algorithm, which operates on all pixels simultaneously. 

Sequential algorithms generally operate by processing only the 

contour pixels [Beun.M, 19731, [Pavlidis.T, 19801, [Chu.Y.K and Suen.C.Y, 

19861 or by raster scanning [Yokoi.S et al., 19731. Parallel algorithms use 

four sub-iterations [Stefanelli.R and Rosenfeld-A, 197 l], [Arcelli.C, 19791, 

two sub-iterations [Zhang.T.Y and Suen.C.Y, 19841, [Suzuki.T and Abe-K, 

19871, [Chin.R.T et al., 19871, [Chen.Y.-S and Hsu.W.-H, 19881, [Guo.Z and 

Hall.R.W, 19891 or one sub-cycle [Holt.C and Stewrt.A, 19871 for thinning. 

In a recent work, Ahmed and Ward [Ahmed.M and Ward.R, 20021 

propose a novel rule based algorithm for thinning. The important 

characteristic of this algorithm is that, it thins symbols to their central lines. 

So the shape of the symbol is preserved and it is rotation invariant in nature. 

This algorithm uses twenty rules for deleting the pixels that lie on the outer 

boundaries of the symbol (treating as a connected graph). The simultaneous 

application of these twenty rules to each pixel, at each iteration, result in 

peeling off the outer and inner boundaries of the symbol. Drawback of the 

above procedure is that it results in discontinuous central lines when a part of 

a symbol is two pixels wide in the horizontal or vertical direction. If we do 



not delete pixels from this two pixel wide symbol, there arise many 

extraneous pixels. The solution for this problem is also presented in their 

work. This same drawback of the Ahmed and Ward's algorithm is also 

pointed out by Rockett.P.1 [Rockett.P.I, 20051. He illustrated it by means of 

some examples where the algorithm fails on two-pixel wide lines and 

proposed a modified method based on graph connectivity, which corrects this 

shortcoming. They experimentally showed that the modified algorithm 

efficiently thins a set of 12,227 handwritten digits, taken from the standard 

CEDAR database, when the rejection of data is permitted, with an error rate 

of 9.32%. This results of thinning performed on English, Chinese and Arabic 

characters and different geometrical shapes disclose that this algorithm is very 

efficient in preserving the topology of symbols and letters written in any 

language. 

In summary, the research findings reported so far on pre-processing 

techniques are good enough to deal with the printed or neatly written 

document images. The invention of effective and robust application-specific 

pre-processing techniques, capable of handling degraded and unconstrained 

handwritten document images, is to be seriously addressed. 



2.3 Review of Feature Extraction Methods for Handwritten Character 

Recognition Focused on Gray-scale Based Features and 

Perceptual Zoning 

The investigation of feature extraction methods has gained 

considerable attention since a discriminative feature set is considered the most 

important factor in achieving high recognition performance. There are two 

methods existing in feature extraction: first one is directly from the gray-scale 

images and other is from binary images. The overview of feature extraction 

methods for various representation forms namely gray-level, binary and 

vector or skeleton (derived from binary images) as examined by Trier et al.. 

[Trier.O.D et al., 19961 is shown in Table 2. l .  

Table 2.1 Overview of feature extraction methods for various 
representation forms 

Gray-scale sub 
image 

Template 

Deformable 
templates 

Unitary 
Transforms 

Zoning 

Generic moments 

Zernike moments 

Vector (skeleton) 

Template 

Deformable 
templates 

Graph description 

Discrete features 

Zoning 

Fourier 
descriptors 

Binary 

Solid character 

Template 

Unitary 
Transforms 

Projection 
histograms 

Zoning 

Generic moments 

Zernike moments 

Outer contour 

Contour 
profiles 

Zoning 

Spline curve 

Fourier 
descriptors 



As shown in table, the selection of the representation form and features 

are neither totally interdependent nor independent. After the former has been 

fixed the latter still has some options. The succeeding sections deal with the 

overview of feature extraction directly from gray-scale images and from the 

zoned binary images. 

2.3.1 Feature Extraction from Gray-scale Images 

As early as in 1975, Peuker and Douglas [Peuker.T.K and 

Douglas.D.H, 19751 had proposed a direct feature extraction method from 

gray-scale images. Their algorithm detects the topographic structures from the 

gray-scale image patterns. The gray-scale based feature extraction approaches 

mainly include: (1) topographical feature extraction or edge detection 

[Wang.L and Pavlidis.T, 199311, [Kahan.S et al., 19871, [Rocha.J and Pavlidis.T, 

19921 and [Shi.M et al., 20021, (2) global feature extraction by Discrete Cosine 

Transform (DCT) or moment transform [Wang.X et al, 20011. These methods 

can achieve improvements in some cases such as blur character recognition 

but work poorly in other cases. For example, topographical features have poor 

performance on images with noise or dirty background. Methods such as DCT 

and moment transform are very sensitive to illumination variance and 

character distortion. 

Nackman [Nackrnan.L.R, 19841 discusses about the surface description 

of gray-scale images with the help of Critical Point Configuration Graphs 

(CPCG7s). Three remarkable research works dealing with corner detection in 



contours from the gray-scale images are also reported CZuniga.0.A and 

Haralick.R.M, 19831, [Rangarajan.K et al., 19881, [Chen.M.H, Lee.D and 

Pavlidis.T, 19911. Haralick et al. 1Haralick.R.M et al.,. 19831 give precise 

mathematical descriptions of topographic structures called Topographic 

Primal Sketch (TPS) and propose a method to extract these structures from 

the gray-scale images. 

Wang and Pavlidis [Wang.L and Pavlidis.T, 199312 describe a method 

for feature extraction directly from gray-scale character images (either 

machine-printed or handwritten) without the usual step of binarization. In this 

method, a digitized gray-scale image is treated as a noisy sample of 

underlying continuous surface and the desired features based on the 

topographic characteristics of this surface are extracted. 

Bimbo et al., 1Bimbo.A.D et al., 19941 propose methods to identify 

deformable templates fiom gray-scale images of credit card slips with poor 

print quality for recognition purpose. Andrews [Andrews.H.C, 197 l]  applies a 

unitary transform to gray-scale character images and obtained features that 

preserve the most important information about the character curves. In the 

transformed space, the pixels are ordered by their variance and the pixels with 

the highest variance are measured as features. 

In a zoning based feature extraction from gray-scale images, Bokser 

[Bokser-M, 19921 superimposes a grid on the character image. The average 



gray level values computed from each of the resultant zones constitute a 

feature vector. 

Hu [Hu.M.-K., 19621 introduced the use of moment invariants as 

features for pattern recognition. Hu's absolute orthogonal moment invariants 

(invariant to translation, scale and rotation) have been extensively used in 

various applications [Reiss.T.H, 199 l], [Belkasim.S.O et al., 199 l], 

[Reiss.T.H, 19931. Zernike moments have also been used by several authors 

for the recognition of binary solid character symbols [Khotanzad.A and 

Hong.Y.H, 199011, [Khotanzad.A and Hong.Y.H, 199012. However the initial 

experiments suggest that all the above techniques are well suitable for gray- 

scale character sub-images as well. 

Recently, Wang et al. [Wang.X, et al., 20051, proposed a gray-scale 

based feature extraction method for character images. In their work, features 

are extracted directly from gray-scale character images by Gabor filters, 

which are specially designed from statistical information of character 

structure. An adaptive sigmoid function is applied to the output of Gabor filter 

to achieve better performance on low-quality images. In order to enhance the 

credibility of the extracted features, the positive and the negative real parts of 

the outputs from the Gabor filter are used separately to construct histogram 

features. This method is tested on printed Chinese characters and produced 

better results. 



To summarize, only a few research works are reported in the area of 

gray-scale based feature extraction for handwritten character recognition. The 

major challenge in any gray-scale based feature extraction method is 

identifling the candidate character locations. The main shortcoming observed 

in all the above mentioned methods is their computational complexity. So 

more research is needed to evolve suitable gray-scale based features for 

modeling handwritten characters with less computational complexity. 

2.3.2 Zoning Based Features from Binary Images 

The feature extraction methods for character recognition are generally 

based on two types of features: statistical and structural. The statistical 

features derived from statistical distributions of pixels are estimated by 

employing the techniques like zoning, moments, projection histograms and 

direction histograms. Structural features are based on topological and 

geometrical properties of the character like strokes and their directions, end 

points, intersections of segments and loops [Ali.F and Pavlidis.T, 19771, 

[Yamamoto.K and Mori.S, 19781. Since these two types of features are 

considered complementary in nature, many researches have explored the 

integration of structural and statistical information to highlight different 

character properties. This section presents a review of research works carried 

out in zoning based feature extrication methods on binary handwritten 

character images. 



In fact, zoning (region decomposition) is not a feature extraction 

method but it is an auxiliary procedure used in combination with actual 

feature extractors [Tucker.N.D and Evans.F.C, 19741, [Trier.O.D et al., 19961. 

In this technique, the area of the input character image is split typically into 

number of sub-images and appropriate feature extraction method is applied to 

each of these regions separately. The final feature vector is formed by 

concatenating these measures fiom each of the sub-images. Bokser 

[Bokser.M, 19921 describes the commercial OCR system CALERA that uses 

zoning on binary character images. The system is designed to recognize 

machine printed characters of non-decorative fonts. Here zoning is used to 

compute the percentage of black pixels in each zone. 

Kimura and Shridhar [Kimura.F and Shridhar.M, 19911 implemented 

zoning on character counter curves. In their work, in each zone, the counter 

line segments between neighboring pixels are grouped by horizontal 

orientation (o'), vertical orientation (90') and two diagonal orientations 

(45', 135'). Then the number of line segments of each orientation is counted. 

In another work, Holbaek-Hanssen et al., [Holbaek-Hanssen-E et al., 

19861 measured the length of the chain graph in each zone. In this work the 

features are made size independed by dividing the graph length in each zone 

by the total length of the line segments in the graph. The presence or absence 

of junctions or endpoints in each zone is also used as additional features. 



Takahashi [Takahashi.H, 19911 uses orientation histograms from 

vertical, horizontal and diagonal zones as shown in figure 2.1. The 

orientations are extracted from inner contour (if any) in addition to the outer 

contour when making the histogram. Further he identified high curvature 

points along the inner and outer contours present in each zone. For each of 

these points, the curvature value, the contour tangent, and its zonal position 

are extracted which form the final feature vector. 

Figure 2.1 Slice-zones used by Takahashi 

Suen et al., [Suen.C.Y. et al., 19941 presents a zoning mechanism in 

their experiments for hand written characters. They analyzed circumscribed 

character patterns by a minimum rectangle, which is partitioned into Z parts, 

say 2=2 (left-right), 4 and 6. Experiments on other non uniform zone models, 

such as 2=5 horizontal, 5 vertical and 7 as shown in figure 2.2 are also 

performed and achieved good recognition rates for printed English characters. 

Figure 2.2 Zoning with 4,5, & 7 vertical and horizontal zones 



Both the benefits and shortcomings of the zoning method are quite 

obvious. Generally, it is advantageous that the characteristics of the individual 

parts of the image are not mixed, but processed separately. On the other hand, 

the fixed artificial borders that divide the character patterns to its subparts 

may lead to variations in the extracted features. In the same direction 

Cao et al., [Cao.J et al., 19941 pointed out that, when the character curve was 

close to the zone borders, small variations observed in the character curve 

could lead to large variations in the extracted features. They tried to 

compensate for this by using fuzzy borders. The points in the fuzzy-zone 

borders are given membership values corresponding to two or four 

neighboring zones such that the total membership values sum to one. Figure 

2.3 shows the zoning with fizzy borders. In the figure, pixel p, has a 

membership value 0.25 in each of the four zones 1, 2, 4 and 5. Pixel p* has 

0.75 membership for zone 5 and 0.25 membership value for zone 6 .  

Figure 2.3 Zoning with fuzzy borders 



In summary, various zoning based feature extraction techniques 

applied for binary character images are reviewed. Before selecting a specific 

feature extraction technique, one need to consider the total character 

recognition system, including the classifier, in which it will operate. The 

feature extraction based on zoning can be easily implemented for any of 

the character representation forms (gray-level, binary or skeleton) with 

comparatively less computation. It gives information about the confusion 

parts of the character curve but should be appropriately designed 

(uniform1 non-uniform1 fuzzy) by considering the shape of the script. Then 

the structural or statistical (or combination of both) features can be extracted 

from each zone for composing the feature vector for handwritten characters. 

2.4 Review of State of the Art of Recognition Strategies for Handwritten 

Characters Focused on Neural Network and Neuro-Fuzzy 

Approaches 

Existing character recognition strategies are generally classified based 

on the four approaches of pattern recognition including template matching, 

statistical technique, structural technique and connectionist models (neural 

networks). Template matching operations determine the degree of similarity 

between two vectors (groups of pixel, shapes, curvatures etc.,) in the feature 

space. Various template matching algorithms based on direct matching, 

defonnable templates, elastic matching and relaxation matching are normally 



applied in the area of handwritten character and digit recognition [Xie.S.L and 

Suk.M, 19881, [Gader.P.D, 199 l], [Dimauro.G, 19971, [Jain.A.K. et al. 20001. 

Statistical techniques are concerned with statistical decision functions 

and set of optimal criteria, which determine the probability of the observed 

pattern belonging to a certain class. Popular handwriting recognition 

algorithms belonging to this domain include Bayesian classifier 

[Duda R .0  et al., 20011, k-Nearest Neighbour classifier (k-NN) [Mico.L and 

Oncina.J, 19991, [Guillevic.D and Suen.C.Y, 19951, [Zhang.B and 

Srihari.S.N, 20041, [Pernkopf.F, 20051, Polynomial Discriminant classifier 

[Schurmann J. 19961, Hidden Markov Model (HMM) [Rabiner.L.R, 19891, 

[Cai.J and Liu-Z-Q, 19991, [Britto Jr., et al., 20011, [Kundu.A et al., 20021, 

Fuzzy Set based reasoning [Abuhaiba.S.I and Ahrned.P, 19931, [Sasi.S and 

Bedi.J.S, 19941, [Gader.P.D et al., 19951, [Lazzerini and Marcelloni.F., 20001, 

[Hanmandlu.M et al., 20031, and Support Vector Machines (SVM) 

[Vapnik.V, 19951, [Ayat.N.E et al., 20021, [Oliveira.L.S and Sabourin.R, 

20041. 

In structural techniques, the characters are represented as unions of 

structural primitives [Simon.J.C et al., 19801. It is assumed that the character 

primitives extracted from handwriting are quantifiable, and one can also find 

the relationship among them. Significant research results are also reported in 

handwritten character recognition using the different classes of structural 



methods including the grammatical and graphical methods [Heutte.L et al., 

19981, [Kim.H.Y and Kim J.H, 19981. 

It is seen that, the above approaches are neither necessarily dependent 

nor disjoint from each other. Succeeding section of this review is focused on 

the investigations reported in the area of off-line handwriting recognition 

using artificial neural networks and neuro-fuzzy (a combination of adaptive 

network and fuzzy set based reasoning) approaches. 

2.4.1. Review of the Application of Neural Networks for Handwritten 

Character Recognition 

Artificial Neural Networks (ANN) have been extensively applied to the 

recognition of printed and isolated handwritten characters with widely 

accepted recognition results. The main advantages of neural networks lie in 

the ability to be trained automatically from examples, good performance with 

noisy data, possible parallel implementation. It serves as an efficient tool for 

learning large database. The most widely studied neural network model is 

Multi-Layer Perceptron (MLP) [Bishop.C.M, 19953. This network 

architecture trained with Back-propagation algorithm is ainong the most 

popular and versatile forms of neural network classifiers and is also among 

the most frequently used traditional classifiers for handwriting recognition 

[Zhang.G.P, 20001. 

* 
Other successful network models used for handwritten character 

recognition include Convolutional Network (CN) [LeCun.Y et al., 19981, 



Self Organized Maps (SOM) [Zhang et al., 19991, Time Delay Neural 

Network (TDNN) [Lethelier et al., 19951, Recurrent Neural Network 

[Senior.A.W and Robinson.A.J, 19981, Hopfield Network [Ling.M et al., 

19971 and Class-modular Neural Networks [Oh.I-S and Suen.C.Y, 20021. 

In a recent work on printed Telungu (an Indian script) characters, 

Pujari et al., [Pujari.A.K et al., 20041 propose a Dynamic Neural Network 

(DNN) architecture for recognition. The DNN has been demonstrated to be 

efficient for associative memory recall and this model overcomes the inherent 

difficulties of memory limitations and spurious states in the Hopfield 

Network. In this study, the overall recognition rate reported is 9 1 %. 

Bhowmik et al., [Bhowmik.T.K et al., 20041 proposed a recognition 

scheme for basic Bangla (an Indian script) handwritten characters using MLP 

classifier and stroke features. The network is trained using a variant of the 

Back- propagation algorithm that uses self-adaptive learning rates. Here the 

recognition accuracy reported for Bangla (50 class) handwritten characters is 

84.33%. 

The conventional Feed-Forward Neural Networks (FFNN) have been 

designed to classify a large number of classes with one large network 

structure. This inevitably poses very complex problem of determining the 

optimal decision boundaries for all the classes involved in a high-dimensional 

feature space. Oh.1-S and Suen.C.Y [Oh.I-S and Suen.C.Y, 20021 present a 

class-modularity concept to the FFNN classifier to overcome this limitation. 



In their work the original k-classification problem is decomposed into 

k 2-classifcation sub problems. Here a modular architecture is adopted which 

consists of k sub-networks, each responsible for distinguishing a class from 

the other k-l classes. Several cases have been studied using this network 

structure including recognition of numerals (10 classes), touching numeral 

pairs (100 classes), English upper case letters (26 classes), and Korean 

characters in postal addresses (352 classes) and showed very good test results. 

This experiment confirms the superiority of the class-modular network over 

others. 

Kapp et al., [Kapp.M.N et al., 20031 evaluated the use of the 

conventional feed forward MLP architecture and class-modular neural 

network for the handwriting recognition. They simulated these architectures 

for the recognition of handwritten names of the months of the year in 

Brazilian Portuguese language. The recognition rate obtained for conventional 

MLP was 77.08% and for the class-modular neural network the recognition 

rate obtained was 8 1.75%. 

The class-modularity has also been tested using neural network 

classifiers by many of the researchers with the experimental data 

[Anand.R et al., 19951, [Mui.L et al., 19941. In all these works the most 

prominent features of class modularity, which can be effectively utilized for 

large class HCR problem, is highlighted in two ways 



i. Low classfler complexity: Each of 2-classifiers has a much smaller 

number of parameters to be estimated by the training process. Since a 

2-classifier uses the whole training set for its training, the process of 

parameter estimation can be accomplished in a more precise and stable 

manner. 

ii. Independence of classes: Each of 2-classifiers can be designed and 

trained independently from the other classes. Generally, in a 

k classification problem, the 2-classifier module for a specific class can 

be viewed as a black box by the other k-l classes and the sole purpose 

of the 2-classifier is to discriminate the input samples with a very high 

precision. One can design 2-classifier modules so that they can have 

their own feature set and classifier architecture. 

In recent years, many researchers have combined different classifiers 

with neural networks and applied in handwritten character recognition 

applications rHu1l.J.J et al., 19901, [Nadal.C et al., 19901, [Kimura.F and 

Shridhar.M, 199 l], [Xu.L et al., 19921, [Aksela.M and Laaksonen-J, 20071. 

In Kittler's work, various classifier combination schemes have been used with 

neural networks and experimentally demonstrated that some of them 

consistently outperform a single best classifier [Kittler.J. et al., 19981. 

The following section reviews a special category of combined 

classifier approaches, where the neural networks and fuzzy systems are 

integrated for handwritten character recognition. 



2.4.2 Review of the Application of Neuro-Fuzzy Networks for 

Handwritten Character Recognition 

Numeric analysis approach of fuzzy system was first presented by 

Takagi and Sugeno [Takagi.T and Sugeno.M, 19851. Then the studies on 

fuzzy neural work have been reported since around the beginning of 1990s. 

This is successfully applied to a wide range of areas, such as automatic 

control, expert systems, time series prediction, data classification and pattern 

recognition [Devaraj.D and Yagnanarayana.B, 20001, [Jamadagni.S and 

Ghadialy.Z, 20001, [Engin.M, 20041. 

As a representative example, Jang.J.-S.R [Jang J.-S.R, 19931 proposed 

Adaptive Network-Based Fuzzy Inference System (ANFIS) architecture in 

1993. This is a fuzzy inference system implemented in the framework of 

adaptive networks. He also presented an efficient learning procedure that can 

construct an input-output mapping based on fuzzy if-then-rules and stipulated 

input-output data pairs. As an extension, Kim.C.-H and Lee.J.-J [Kim.C.-H 

and Lee.J.-J, 20031 proposed a modified fuzzy modeling method based on the 

ANFIS with a pruning technique with appropriate measure named impact 

factor. Consequently, number of works has been carried out in the analysis 

and design of various simple and effective neuro-fuzzy architectures 

[Sushmita.M and Pal.S.K, 19951, [Lin.Y and Cunningham.G.A, 199.51, 

[Nishina.T and Hagiwara.M, 19971, [Joshi.A et al., 19971, [Song.F and 

Smith.S.M, 200 l], [Iyatomi.H and Hagiwara.M., 20041. 



Lin et al., [Lin.C.-T and Lee.C, 19911 proposed one of the current 

models which decides the initial fuzzy model by Kohonen's self-organizing 

algorithm [Kohonen.T, 19901 and carry out parameter adjustment by 

Back-propagation algorithm. Kwan and Cai 1Kwan.H.K and Cai.Y, 19941 

proposed a hzzy neural network for the recognition of 26 English characters 

and 10 Arabic numerals and obtained a good recognition result. In another 

work, Anasuya Devi [Anasuya Devi.H.K, 20031 proposed a fuzzy neural 

network based recognition system for Brahmi characters. The network was 

used to recognize 43 Brahmi characters and the best recognition accuracy 

obtained was 79.12%. 

In a recent study on printed English upper case letters, Venishetti et al., 

[Venishetti.K et al., 20061 proposed a recognition system based on fuzzy min- 

max neural networks. The feature vectors consisting of normalized moment of 

inertia and eight radial coding features are used in this study and obtained 

98% for single font printed character set. 

To summarize, even though lot of studies are reported based on neural 

network in HCR, the use of combined classifiers such as neuro-fuzzy 

architecture is very limited. The large ambiguities present in handwritten 

character patterns demand an efficient network that is invariant to the 

distortions in the input without involving much training effort. In this context, 

neuro-fuzzy networks find an appropriate place in handwritten character 

recognition tasks and more research is needed in this direction. 



2.5 Review of Handwritten Character Recognition in Indian Languages 

Although many pieces of work have been done on the recognition of 

printed characters in Indian languages, only a few attempts have been made 

towards the recognition of handwritten characters. Significant research 

results are reported on machine printed or constrained handwritten character 

recognition in Devanagari script (Indian script used for writing Sanskrit, 

Hindi and some other languages). Sethi and Chaterjee [Sethi.I.K and 

Chatterjee-B, 19761 have presented a Devanagari numeral recognition system 

in which the presence or absence of four basic primitives, namely, horizontal 

and vertical line segments, right and left slant, and their interconnections are 

used for the recognition with a decision tree. Later the authors attempted 

recognition of constraint hand printed Devanagari script using the similar 

method [Sethi.I.K, 19771. 

Sinha et al., [Sinha.R.M.K and Mahabala.H, 19791 presented a 

syntactic pattern analysis system with an embedded picture language for hand 

printed Devanagari script recognition. The system stores structural 

descriptions for each symbol of the script in terms of primitives and their 

relationships. The recognition involves a search for the unknown character 

primitives based on the stored description and context. Sinha et al., 

[Sinha.R.M.K, 19871, [Bansal.V and Sinha.R.M.K, 20001 later suggested 

knowledge based contextual post-processing systems for Devanagari script. 



In a recent study, Ar0ra.S et al, [Arora.S et al., 20061 proposed a 

method for recognition of segmented handwritten Devanagari characters. In 

this study they used a feature vector constituted by accumulated directional 

gradient changes in different segments, number of intersection points, type of 

spine and shirorekha (upper line) present in the character. Multilayer 

perceptrons with conjugate-gradient training is used to classify these feature 

vectors and achieved 88.2% accuracy for 25 characters. 

Comparatively large number of major works are reported for Bangla 

character recognition [Dutta.A.K and Chaudhuri.S, 19931, 

[Rahman.A.F.R. et al., 20023, [Bhattacharya.U. et al., 20021, [Pal.U and 

Chaudhuri.B.B, 20041, [Roy.K et al., 20051. Ray and Chatterjee [Ray.A.K. 

and Chatterjee.B, 19841 presented a nearest neighbour classifier for Bangla 

handwritten character recognition based on the features extracted by a string 

connectivity criterion. 

Chaudhuri and Pal have done remarkable research work on Bangla 

character recognition [Pal.U and Chaudhuri.B.B, 20001. A complete OCR 

system for printed Bangla script is proposed by Chaudhuri and Pal 

[Chaudhuri.B.B and Pal.U, 19981. In this work, basic, modified and 

compound characters are separated for the convenience of classification and 

recognized by a structural feature based tree classifier. Here a lexicon based 

error correction scheme is used and obtained 95.50% word level accuracy for 

single font clear document. Chaudhuri.B.B et al., [Chaudhuri.B.B et al., 



20021 also proposed a character recognition system in Oriya (an Indian 

language). In a related work, Pal and Sarkar [Pal.U and Sarkar.A, 20031 

proposed a OCR system for printed Urdu (a popular Indian script) characters. 

In their work the individual characters are recognized using a combination of 

topological, contour and water reservoir concept based features with 97.8% 

average recognition accuracy. 

Siromoney et al., [Siromoney.G. et al., 19781 attempted machine 

recognition of Tamil handwritten characters using an encoded character string 

dictionary. In another work, Chinnuswamy [Chinnuswamy.P and 

Krishnamoorthy.S.G, 19801 proposed a hand written Tamil character 

recognition system employing labeled graphs to describe structural 

composition of characters in terms of line-like primitives. 

A two stage recognition system for Telungu handwritten characters 

have been proposed by [Rajasekharan.S.N.S and Deekshatulu.B.L, 19771 and 

a few works in this language also include [Chaudhuri.B.B et al., 19911, 

[Sukhaswami.M.B et al., 19951, [Pujari.A.K et al., 20041. Important research 

works are also reported for Brahmi (a script widely used all over India during 

third century BC) handwritten character recognition [Siromoney.G et al., 

19831 and [Anasuya Devi.H.K, 20031. 

Nagabhushan et al., [Nagabhushan.P and Radhika M.Pai, 19991 proposed 

a recognition scheme for Kannada characters using decision tree, by bounding 

the character with a rectangle that grows in horizontal and vertical directions 



to fit the character. In another study Nagabhushan et al. [Nagabhushan.P et 

al., 2003) presented a promising fuzzy statistical recognition scheme based on 

seven invariant central moments for Kannada character recognition. It is also 

important to notice that, no favorable results have been reported for 

Malayalam handwritten character recognition so far. 

2.6 Conclusions 

In summary, the current stage in the evaluation of handwriting 

processing results from a combination of several elements, such as versatility 

of the data base used, the credibility of the pre-processing algorithms, the use 

of different strategies for feature selection, the performance of different 

classifiers and their combinations. It is clear that the maturity is reached just 

for isolated numerals and hence more research is needed to improve the 

recognition rates for alphabetic characters. It is also evident that not many 

research works have been carried out in Indian languages other than 

Devanagari and Bangla in this field. Recent advances reveal that, the neuro- 

fuzzy approach has a very good role in providing flexible information 

processing capability by devising methodologies and algorithms on a 

massively parallel system capable of handling infinite intra-class variations 

for representation and recognition of handwritten character patterns. 



CHAPTER 3 

HANDWRITTEN CHARACTER DATA 
ACQUISITION AND IMAGE DATABASE 

CREATION 

3.1 Introduction 

The availability of a dataset that contains an appropriate number of 

representative samples is a critical part of any pattern recognition research. 

Handwritten character image data acquisition and creation of database have 

been of great interest to computer scientists and engineers for the last few 

decades [Suen.C.Y et al., 19801, [Garris.M.D, Wilkinson.R.A, 19921, 

[Hull.J.J, 19941. The accuracy of the results of character recognition research 

highly depends upon the versatility (presence of moderately large and 

representative samples) of the database used. 

The CEDAR and NIST are the two important publically available 

databases containing the largest collections of isolated numerals and 

alphabetic characters [Suen.C.Y et al., 19921, [Hull.J.J., 19941, [Guyon.I et 

al., 19971. The use of significant sets of labeled samples of handwritten image 

data in languages like English, Chinese, Korean, Japanese and Arabic have 

been reported in the literature [Srihari.S.N. et al., 19891, CG0vindaraju.V et 

al., 19941, 1Lee.S. W. and Park. J.S ., 19941, [Tsukumo. J. and Tanaka.H, 19981, 

[Xie.S.L. and Suk.M., 19881, [Kim.H.Y. and Kim.J.h., 19981, [Sekita.I. et al., 

19881, [Amin.A. and Al-Sadoun.H.B, 19941, [Amin.A, 19981. However in 



Indian languages, development and use of standard handwritten character 

image database has been done only for a few scripts. 

India is a multi-lingual, multi-script country of more than one billion 

population using eighteen popular languages with twelve different scripts. 

From the literature it is found that extensive research work on developing 

handwritten image database has been done only for Devanagari and Bangla 

scripts [Sethi.I.K. 19771, [Chaudhuri.B.B. and Pal.U, 19981. Most of the hand 

written character recognition studies in South Indian scripts were reported on 

the basis of data collected in laboratory environment [Chinnuswamy.P and 

Krishnamoorthy.S.G, 19801, [Chandrasekharan.M. et al., 19841, [Pal.U and 

Chaudhuri.B.B, 20041. At present there is no Malayalam handwritten image 

database available for research purpose. 

Malayalam is one of the languages in Indian subcontinent and is the 

youngest and most dynamic one in the Dravidian language family. 

Malayalam is ranked as the eighth in the list of eighteen popular languages in 

India, used by about 30 million people. So far no remarkable research results 

have been reported in Malayalam handwritten character recognition. 

Consequently a standard database is not available in the language. This 

chapter presents the work carried out to create a moderately large and 

representative database for Malayalam handwritten characters. 



3.2 Data Acquisition 

Collecting a large amount of sample patterns is as important as 

developing recognition methods for pattern recognition applications. In the 

present work sufficient attention is given to collect large set of character 

patterns. The samples were collected with minimum writing constraints so 

that it reflects the real life environment, and can be used to train and evaluate 

recognition systems. The character patterns collected include fifteen 

Malayalam vowels (long and short), thirty-six consonants, five special 

characters named chillukal, fifteen symbols and ten Arabic numerals 

(Malayalam numerals are not in use) as shown in Table 3.1 (a-e). 

Table 3.1 (a) Malayalam Vowels (long and short) 

1 

Malayalam Vowels 

1 

m [-ah] 

7 

8 [-eru] 

13 

6x1 [-owl 

2 

mr;3 [-aah] 

8 

4 [-eh] 

14 

m [-am] 

15 

m : [-aha] 

3 

9 [-yi] 

9 

a [-aeh] 

4 

grz, [-yee] 

10 

a a [-ail 

5 

9 [-uh] 

l l 

a [-oh] 

6 

99 [-ooh] 

12 

a 3 [-ohoh] 





Table 3.l(d) Symbols 

Numerals 

Table 3.l(e) Numerals (Arabic) 

Table 3.1 (a-e) Malayalam handwritten character set with eighty one 
elements included in the image database 

In data collection process, each writer is provided with white papers, 

boxes of equal size printed on it and the paper supplied was of different 

quality. The writers are requested to write all the eighty one character patterns 

listed in Table 3.l(a-e), one character per box. If any mistake is made while 

writing helshe can use the extra boxes provided. The purpose of data 

collection was not disclosed to them so that the samples reflected their natural 

handwriting style. The writer was permitted to use hisher own writing 

instrument and to write in normal mood. No other restrictions were imposed 

on writers. 



There are several factors that influence the handwriting styles. They 

include age, sex, educational qualification, profession, writing instrument, 

writing surface and mood of the writer. In data collection, the above factors 

are taken into account to incorporate all possible variations of the handwriting 

scripts. The entire dataset is collected from seven hundred and sixteen 

(329 males and 387 females) individuals (writers). The writers belong to 

17-52 age groups. The average age of male writers is thirty and that of female 

is twenty eight. An image database of handwritten Malayalam characters is 

created from the collected samples. Image digitization and data definition 

techniques used for this process are discussed in the following sections. 

3.3 Image Digitization and Database Creation 

The collected handwritten documents containing the character samples 

are digitized at 300 dpi resolution using a flatbed scanner. The character 

images are then separated in 128 X 84 pixel size. In order to make sure that 

the prepared sample data are perfect, all images of isolated characters have 

been manually checked and necessary corrections were made using an 

image editor. Sample character images (128x84 pixels) of Malayalam 

handwritten characters separated from the scanned document are shown in 

figure 3.1. These image samples are then stored in the database as gray-scale 

BMP file format with one byte per pixel. This format will definitely help the 



researchers to experiment with various pre-processing techniques including 

thresholding, thinning or feature extraction methods in gray-scale domain. 

Figure 3.1 Malayalam handwritten character image 
samples (128x84 pixel size) separated from the scanned document 

Each image data sample is labeled with a unique name in the following 

format. This unique labeling system will allow individual researchers to 

compare the performance of different algorithms on specific image sample. 

LL : Language code, e.g., ML for Malayalam 

X X X X  : Writer identification number, e.g., 00 13 

Y : Gender of the writer, e.g., MIF 

ZZ : Character number, e.g., 16 for character "6 [ka]" 

RRR : Repetition from a single writer, e.g., 015 



The database consists of a total of 57,996 samples of eighty one 

character elements collected from 7 16 writers. The whole set of available data 

is split up into two categories namely training set and test set in 1:l ratio 

consisting of 28,998 samples written by 358 writers. 

As discussed above the developed database contains eighty one 

character patterns including fifteen Malayalam vowels (both long and short), 

thirty-six consonants, five special characters (chilluka(), fifteen symbols and 

ten numerals. Among this eighty one character patterns we selected forty four 

basic characters excluding the modifiers, special characters and numerals for 

the present recognition study. The forty four basic characters selected for the 

present study are given in Table 3.2.  The prime reason for selecting only the 

basic characters for this study is that, typically, in recognition experiments the 

alphabetic characters are treated separately from the numerals and modifier 

symbols. This is because of the significant differences found in structural and 

statistical features of the characters with numerals or symbols. Moreover it is 

also noted that the recognition accuracy of numerals has achieved almost 

saturation and more challenges are still reported in the case of isolated 

characters. Hence special attention is needed in the case of isolated characters. 

Selected samples of the forty four basic characters taken from the database are 

shown in Table 3.3. 



Table 3.2 Forty four basic Malayalam handwritten characters 
used for recognition studies 

1 

-ah 

10 

m 
fia 

19 

-9 
ta 

28 

na 

37 

'7: 
L 

va 

2 

-aah 

l l 

cJ-3 
ga 

20 

c, 
tta 

29 

pa 

38 

c13 
sha 

3 

-yl 

12 

W 
gha 

21 

rut 
da 

30 

pha 

39 

L 

sa 

4 

-uh 

13 

m 
nga 

22 

(l@ 
dda 

31 

ha 

40 

c& 

shha 

5 

1 3 r a * E ~ W o g , & 3 d  
-eru 

14 

1-I 
cha 

23 

&Mn 
nha 

32 

C n & ~ i @ Y a m E j  
bha 

41 

4 
ha 

6 

-eh 

15 

llls 
chha 

24 

tha 

33 

ma 

42 

c; 
Iha 

7 

16 

ja 

25 

u.3 
thha 

34 

ya 

43 

G o  
zha 

8 

-oh 

17 

j d W  
jha 

26 

c> 
&a 

35 

ra 

44 

rha 

9 

ka 

18 

nja 

27 

W 

36 

l a 



(Continued) 

Table 3.3 Malayalam handwritten character image samples 

Character 
Number 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

1 1  

12 

13 

14 

15 

16 

17 

18 

Character 

[-ahl 

9 [-aah] 

2[-yi I  

2 

P [-eru] 

.e, [-eh] 

a [-aeh] 

a [-oh] 

[kal 

m [kha] 

fl [gal 

neJ [&a1 

m [nga] 

.I [cha] 

m [&ha] 

UaI 

m I j h a ]  

m [nja] 

1 

2- - 0 
QiS 

q) 
.l? 

J 

W 

6T3 

3-1 
m 
c"--- l%P 

@j; 

m 

2 

a2-3 

e 

Q 

+ 
6-22 

62J 
C/, 

'Le_l 

m 
a1 

23 

m 

3 

-2 

9 - 2 z L 2 p  

Q 

G? 

G3_r 

'Le_j 

m 
A 
2 2  
g! 

Samples 

4 

'533 

c% 

9 
RB) 

- 2  

G 
& & c & & & &  

611 

CO 

gni 

m 
.-I, 

. 

~ 2 2 ~ ~  

cm) 

5 

mY-2 

z 

a 

d")_f 

W 

+ 

i -J, 

213 
Q 

my 

6 

CiZm 

@9 

E 

9 

7 

C6n 

m% 

P 
c=- G, 

8 

'TM 

CL m, 

CL- a 

W 
9 
-2 

:G? 

&-l 

C/) 

--Q) 

-3 

2 - 1  

1-'.;3 

,C> $23- 

-,c/ 

mq 

c* 1 
C - 

C b  

L!-) 

- 
&-!I 

&> 

93 

C ~ X < :  

4 
73 

d 

:.A 

W 
"-\?--l 

;G? 

2 

L 

JW 



(Continued) 

Table 3.3 Malayalam handwritten character image samples 

Character 
Number 

19 

20 

2 1 

22 

23 

24 

25 

26 

2 7 

28 

2 9 

3 0 

3 1 

3 2 

3 3 

3 4 

3 5 

36 

Character 

S [tal 

0 [ttal 

[dal 

cus [dda] 

m[nha] 

rzn [tha] 

m [thha] 

n [dha] 

w [dhha] 

[nal 

[pal 

no [phal 

6T-U [bal 

n [bha] 

[ma] 

Q) [yal 

[ral 

[lal 

1 

W 

Cl+@ 

@m 
43-l 

LC;, 

a 
135 

0 

rzl] 

G 

f3 

I. Q 

2 

c 2 0 c c s  
CV3 

A" 

dM 

,q 

Lf; 

(rr 

(JJ 

:?) 

10 

a 
0 

3 

(Iti 

&U 

m 
c-0.  

L& 

C2 

(_U 

f-7 

r r - I d d d 4  

d 

h Z I m m m d Y L J  

a 
c -  

~~~~ 

Samples 
4 

S s s s s s S  

C b J  

c-u.5 

bm 

&-m 

;-a 

I/Cl 

c 

0 0  
c a a C 2 a Q ~ c i  

a\ 
0 

5 

0-4) 

m.9 

Gm 

,"Zr, 
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Table 3.3 Malayalam handwritten character image samples 

3.4 Conclusions 

An attempt is made to collect moderately large and representative 

samples of Malayalam handwritten characters. A well-structured and standard 

database of isolated Malayalam handwritten character images, which 

facilitates research in off-line handwritten character recognition, is developed. 

The key features of this database are 

i. All image samples are stored in gray-scale using BMP file 

format providing maximum possible information. 



. . 
11. As the data were collected under minimum constraints it 

incorporates maximum variability. 

. . . 
111. It has balanced representative data among age, sex, educational 

qualification and profession of the writer. 

iv. The database is divided explicitly into training and testing sets 

to facilitate the sharing of results among researches. 

The constructed database has the potential to be used as a 

benchmarking resource for the handwritten character recognition research and 

this work is the first of its kind in Malayalam. Hence the database developed 

in the present work will certainly help researchers to develop and validate 

various recognition schemes for Malayalam handwritten characters. 



CHAPTER 4 

PRE-PROCESSING ON HANDWRITTEN 
CHARACTER IMAGES 

4.1 Introduction 

Computer vision experiments like optical character recognition, 

handwritten character recognition, signature verification, forensic document 

examination, face recognition etc. require pre-processing (pixel level 

processing or low level processing) of optically scanned gray scale images 

acquired from a scanner or a camera arrangement. Different pre-processing 

algorithms are applied on the captured images to prepare them for further 

analysis [Ha.T.M and Bunke.H, 19971. 

Since the handwritten character images are gray-scale in nature, 

binarization (thresholding) is usually performed prior to further processing 

[Mavdia.K.V and Hainsw0rth.T. J, 1 9881, [Pal.S.K and Rosenfeld. A, 1 9881, 

[Abutaleb.A.S, 19891, [Trier.O.D and Taxt.J, 19951. The objective of 

binarization is to automatically choose a threshold that separates the 

foreground and background information. This process converts a gray-scale 

image in to its binary format. This process is also considered as a signal 

denoising technique or a method for background removal. In the present 

study, we choose Otsu's iterative global thresholding technique [Otsu.N, 

19791 for binarizing the character image samples in the database. Otsu's 



technique has been compared with other binarization techniques proposed in 

literature by many researchers and is reported to be the best one suitable for 

handwritten character images [Sahoo.P.K et al., 19881, [Trier.O.D and 

Jain.A.K, 19951. 

The second pre-processing operation required is the size normalization. 

It is highly essential because large size variations are present among the 

handwritten character samples in the database. For this purpose Affine 

Transformation with Bilinear Interpolation algorithm is used and found 

suitable for character image samples in the database. 

Finally, Thinning (Morphological Skeletonization) is applied to enable 

easier detection of pertinent features from the handwritten characters. 

A rotation invariant rule based thinning algorithm proposed by Ahmed and 

Ward [Ahmed.M and Ward.R, 20021 is used for this purpose. This algorithm 

is applied on the binarized character images of uniform size to obtain one 

pixel wide skeleton of it. The character image samples obtained after 

performing these pre-processing operations are then considered for feature 

extraction. 

This chapter is organized in three sections. First section presents the 

character image binarization technique used for handwriting extraction. 

Second section deals with the geometrical spatial transformations applied on 



character images for size normalization. The third section describes the 

thinning of character images with a rotation invariant rule based algorithm. 

4.2 Character Image Binarization for Handwriting Extraction 

Thresholding is one of the simplest and most commonly used 

pre-processing techniques applied to separate the foreground information 

(object) of an image from its background (noise). The role of binarization in 

HCR is to remove the background as much as possible without modifying the 

handwritten information. 

One obvious way to extract the objects from the background is to 

select a threshold T that separates these modes. Then any point (X, y) for 

which f (X, y) > T is called an object point; otherwise, the point is called a 

background point. Thresholding may be viewed as an operation that involves 

tests against a function T of the form 

Where f (X, y) is the gray level of point (X, y) and p (X, y) denotes some 

local property of this point, for example, the average gray level of a 

neighbourhood centered on (X, y). A thresholded image g (X, y) is defined as 



When T depends only on f (X, y) (that is, only on gray level values) the 

threshold is called global. If T depends on f (X, y) and p (X, y), the threshold is 

called local. If in addition, T depends on the spatial co-ordinates X and y, the 

threshold is called dynamic or adaptive. 

Before selecting an appropriate thresholding technique, a detailed 

analysis is performed on the intensity histograms of character images in the 

database. Figure 4. l (a-b) shows an example of a gray-scale handwritten 

character image taken from the database and its intensity histogram. From the 

detailed analysis of the histograms of different character samples, it is 

observed that the small peaks representing the foreground are usually found 

approximately in the intensity range 100 to140. At the same time the location 

of the distinct single peak of the background is often found approximately in 

the white intensity range 210 to 240. It is also observed that in all most all the 

cases the upper bound for the foreground peak is near 140 and the lower 

bound of the background peak end up with intensity value near 2 10. Presence 

of these widely separated foreground and background in the intensity 

histogram indicates that the image samples have relatively constant contrast. 

To compute a good threshold value range suitable for the character 

image samples in the database, an experiment is conducted by thresholding 

the image samples using different threshold values. The outputs of the 

thresholding operation performed on the Malayalam handwritten 



character m [-ah] using different threshold (7') values taken in the intensity 

range 120-230 are shown in figure 4.2 (a-h) 

Figure 4.l(a) Malayalam handwritten character image cma [-ah] 

Gray LewI d u e s  

Figure 4.1 (b) Intensity histogram of image m [-ah] 



(a) Threshold T = 120 

(c ) Threshold T = 160 

(b) Threshold T = 140 

(d) Threshold T = 180 

(e) Threshold T = 200 (f) Threshold T = 2 10 

(g) Threshold T = 220 (h) Threshold T = 230 

Figure 4.2(a-h) Binarized character images using different 
threshold values 



Since the foreground and background peaks are widely separated in the 

intensity histogram, there appear to be many acceptable threshold values 

between these peaks approximately in the range 140-210. But visually 

inspecting the output binary images in the figure 4.2 (a-h), it is observed that 

the acceptable threshold value comes in the 180-200 range. So it is clear that 

the information obtained from the intensity histogram is not much sufficient 

for accurately choosing a good threshold value. 

The important characteristics of handwritten character images observed 

from the above analysis are stated below. 

i. The foreground (handwriting) has far fewer pixels compared to the 

background and they tend to be more scattered. 

ii. The distribution of the foreground depends heavily on the type of 

writing instrument. 

iii. From the intensity histograms, it is observed that the small peaks of 

the foreground usually vary approximately in the range 120- 140, 

while the location of the peak of the background is often distinct 

near the intensity range 2 10-240. 

iv. The acceptable threshold values for handwritten images taken from 

the database lie approximately in the range 180-200, which is near 

to the background peak than the foreground peak. 



In global thresholding, foreground (handwriting) extraction is 

accomplished by scanning the image, pixel by pixel, and labeling each pixel 

as background or foreground depending on whether the gray level of that 

pixel is greater than or less than the value of the threshold T. Figure 4.3 shows 

the traditional global thresholding approach to separate a gray-scale image 

into two sub images, foreground and background, using the intensity 

histogram of the image. In this figure, i denote the intensity value and h(i) 

denote number of pixels with intensity i. The foreground-background 

separation point is defined by a threshold value T and it is selected using 

different criteria according to the thresholding algorithms specified. 

Although many thresholding techniques have been proposed none were 

designed specifically for handwritten images. Based on the above analysis it 

is observed that the majority of handwritten character image samples in the 

present study have relatively constant contrast for background and 

foreground. In this context it is decided to restrict our consideration here to 

global thresholding techniques, which are computationally simple and capable 

of giving best results on the handwritten image samples. 

Numerous global thresholding techniques have been proposed in the 

literature to obtain threshold value T automatically [Ridler.T and Calvard.S, 

19781, [Otsu.N, 19791, [Kapur.J.N, et al., 19851, [Kittler.J and Illingworth.J, 

19861, [Pal.N.R and Pal.S.K, 19891, [Kurita.T, 0tsu.N and Abdelmalek.N, 

19921, [Brink.A.D and Pendock.N.E, 19961. In the present study Otsu's 



iterative global thresholding technique is applied on the character image 

samples. The following section deals with the implementation details of this 

algorithm. 

Background pe ak 

PTtlmber ~ ? f  

pixels with 
intensity j 

0 T 255 
Pixel intensity i 

-4 

Foreground Background 

Figure 4.3 Illustration of Traditional Global thresholding 

4.2.1 Otsu's Threshold Selection Technique for Handwritten Character 

Images 

Otsu's thresholding technique has been cited as an efficient 

thresholding technique and has been used in numerous document-processing 

applications [Sahoo.P.K et al. 19881, [Trier 0 .D  and Jain A.K, 19951. The 

implementation details of the Otsu's algorithm are given below. 



Algorithm: Otsu's threshold selection technique 

Step l : Read an input image sample. 

Step 2: Take a random intensity value in the range 0-L-l as threshold value k 

and divide the total pixels S in the image in two groups. 

CO = [O,  1 ,...., k- l]  

C ,  = [k, k+l, ...., L-l )  

where L is the possible total intensity levels. 

Step 3: Compute 

k- l  

WO = c P,(,,) 

Total pixels with intensity q 
Pq(rq) = Total pixels in the image 

Step 4: Compute W,,  uo, U ,  and U ,  with the following formulas. 

k-l  

uo = C 4 Pq(rq WO 



Step 5: Find the class variability l2 between CO and C, where 

Step 6: Repeat the above steps (for different k)  until maximum class 

variability is obtained. 

Step7: Choose Otsu's threshold value (k )  with maximum class variance. 

The experiential results show that the Otsu's thresholding algorithm 

can be effectively applied on the Malayalam handwritten image samples for 

threshold selection. The result of the Otsu's thresholding algorithm applied on 

the Malayalam handwritten character image sample is shown in figure 4.4 

Threshold T = 199 

Figure 4.4 Input gray-scale image and its binary output obtained 
using Otsu's technique 



4.3 Geometrical Spatial Transformation for Size Normalization 

Standard pre-processing methods in handwritten character recognition 

also include size normalization through linear geometrical transformations 

[Ugawa.K, T0riwaki.J and Sugino.K, 19671, [Nagy.G. and Tuong.N, 19701. 

Geometrical transformations modiQ the spatial relationship between the 

pixels in an image. Suppose that an imagef; defined over a (W, z) co-ordinate 

system, undergoes geometrical transformation to produce an image g, defined 

over a (X, y) co-ordinate system. This transformation (of the co-ordinates) can 

be explained as 

(X,  Y )  = T { ( W ,  z ) )  

One of the most commonly used forms of spatial transformation is the 

Affine Transformation [Wolberg.G, 19901. This transformation can be 

represented in matrix form as 
I 

This can scale, rotate, translate or sheer a set of points depending on 

the values chosen for the elements of T. 



Hence for scaling of the handwritten character images in varying sizes 

to a fixed window size, we apply Affine Transformation using the Affine 

Matrix T with the co-ordinate equation x = S, W and y = S, z 

Along with the Affine Transformation we use Bilinear Interpolation 

algorithm, to accomplish gray level assignments of each output pixel, on, size 

enlargement. The basic nature of the interpolation is as follows. 

Let (X', y') denote the co-ordinates of a point in the final window and 

let v (X', y') denote the gray level assigned to it. For bilinear interpolation, the 

assigned gray level is given by CGonza1ez.R.C and Woods.R.E, 20021. 

V (X', y') = a x '  + b y t  + cx'y'  +d 

where the four coefficients are determined from the four equations in 

four unknowns that can be written using the four nearest neighbours of point 

(X', y'). The implementation details of the size normalization algorithm are 

explained in the following section. 



4.3.1 Size Normalization of Handwritten Characters Using Affine 

Transformation and Bilinear Interpolation 

The high variability in the character size and shape pose serious 

problems in designing handwritten character recognition schemes. By 

observing the character samples in the image database it is clear that the 

collected patterns vary significantly in size. So it is decided to apply 

normalization for size invariance on character images prior to feature 

extraction. For this purpose, at first, the character images are binarized using 

Otsu's algorithm. The binarized character images are then cropped into a 

minimum rectangle, which has the same height and width of the original 

character pattern. It is then mapped into a standard window of 66 X 42 pixel 

size. For this mapping the Affine Transformation technique is applied on the 

character images with the Bilinear Interpolation algorithm using four nearest 

neighbours for interpolation. The proposed algorithm for finding the 

transformation matrix T is given below. 

Algorithm: To find the transformation matrix T 

Step 1. Initialize minimum rectangle co-ordinates ( x " , ~ ~ ,  x,~,, ymin, y,,,) and 

final window size m X n. 

Step 2: Read the character image to be size normalized from the database. 

Step 3: Binarize the image sample using Otsu's threshold selection 

technique. 



Step 4: To determine the minimum rectangle co-ordinates, 

(~min, Xmm7 ymin, ymm ) do the following steps. 

Step 4.1 : Scan the character image in row wise and find the first and last row 

indices xmin and X,, which has a non-white pixel. 

Step 4.2: Scan the character image in column wise and find the first and last 

column indices y,,, y,, which has a non-white pixel. 

Step 5: Compute the height (IrnH) and width (Im W) of minimum rectangle 

Step 6: Crop the original gray-scale image to the minimum rectangle such 

that the image fits exactly to the rectangle boundary. 

Step 7: Compute the scaling factors sx and S, using the expressions 

(n - ImH) 
sy = l +  

I m H  

Step 8: Form the transformation matrix T and stop. 

While implementing the above procedure for size normalization of the 

handwritten character images, in some cases, due to the rounding off error 

caused by the computation of scaling factors sx and S ,  the final image size 



may vary in a small factor from the standard size. In order to overcome this 

shortcoming and to fix the final output window size as exactly 66 X 42 pixels 

we have copied the resultant image obtained after the transformation in to the 

centre of the standard image with white background. The detailed description 

of this white pixel padding process is given below. 

Algorithm: Padding on character images after the transformation. 

Step 1 : Create an image ( 2 0  array) of size m X n initialized to zero intensity 

values. 

Step 2: Complement the image. 

Step 3: Read the character image sample obtained after transformation an find 

its size. 

Step 4: Find the difference in row size (RowDifj) and column size (ColDifj) 

of the input image with the standard image window (66 X 42 pixel 

size). 

Step 5: If row difference RowDiff is EVEN then 

Map the input image to the standard output window from the row 

starting from [ l and row end at n, - i "01"~") 
Else 

Map the input image to the standard output window from the row 

starting from and ends at m - L 



( r - is the ceiling operation and L - is theflooring operation) 

Step 6: If the column difference ColDiff is EVEN then 

Map the input image to the standard output window from the column 

starting from (CO1:i') + l  and column ends at n - 

Else 

Map the input image to the standard output window from the column 

starting from r and column ends at n - 

Step 7: Save the final standard character image sample and stop. 

4.3.1.1 Experimental results 

The character image samples of varying sizes are normalized into the 

standard output size using Affine Transformation and Bilinear Interpolation 

algorithms. The Figure 4.5 (a-d) shows the input character images of size 

128x84 pixels and the size normalized images of different output size 

obtained after the above explained size normalization operations. 

These experimental results indicate that the normalized images of 

66x42 pixel size show comparatively less geometrical distortions after the 

transformation operation. This most favorable output window size 

(66x42 pixels) is fixed by the trial and error experiments. 



4.5 (a) Input character images of size 128 X 84 pixels 

4.5 (b) Size normalized images (100 X 100 pixel size) 

4.5 (c) Size normalized images (64 X 64 pixel size) 

4.5 (d) Size normalized images (66 X 42 pixel size) 

Figure 4.5(a-d): Input character images of size 128 X 84 pixels and 
and size normalized images of different output sizes 

(100 X 100,64 X 64 and 66 X 42 pixels) 



4.4 Thinning of Handwritten Character Images Using Rotation 

Invariant Rule Based Algorithm 

Thinning is an image processing operation in which the binary valued 

image regions are reduced to lines that approximate the centre lines or 

skeletons of the regions. The purpose of thinning is to reduce the image 

components to their essential information so that further analysis and 

recognition are facilitated. Thinning is also identified as a morphological 

operation that is used to remove selected foreground pixels from binary 

images obtained as a result of thresholding. It is found that thin-line 

representations of character image patterns would be closer to human 

conception of patterns. The thinned handwritten character patterns permit a 

simpler structural analysis and more intuitive design of recognition 

algorithms. So in the present study, prior to feature extraction, it is decided to 

perform thinning on character images. The following section describes the 

method adopted for thinning the binarized Malayalam handwritten characters. 

Many thinning algorithms, their performance, and evaluation have 

been studied and reviewed by Lam and Suen [Lam.L et al., 19921. These 

algorithms are designed to reduce the binary objects or shapes in an image to 

a single pixel wide pattern [Deutsch.E.S, 19681, [Govindan.V.K and 

Shivaprasad.A.P, 19871. In the present study a rule based rotation invariant 

thinning algorithm proposed by Ahmed and Ward [Ahmed.M and Ward.R, 

20021, [Rockett.P.I, 20051 is used to thin the character patterns to their central 



line. The reason for choosing this algorithm is that the other algorithms 

reported in the literature do not address the problem of rotation invariant 

thinning and many are specific to digits or characters written in English, 

Chinese, Arabic or any other specific script. Three major merits of using 

Ahmed and Ward's algorithm on handwritten character images are 

i. This is a general system that thins character patterns to their 

central lines and thus the system is invariant to rotations in the 

original pattern. 

ii. It has the desirable feature of preserving the topology of the 

character patterns, thus it can be applied to thin symbols, digits or . 

characters irrespective of the scripts they are written in. 

. -. 
111. This algorithm does not produce extraneous pixels or 

discontinuities. 

This algorithm proceeds by deriving a set of twenty rules over the eight 

neighbours of the pixel, which is a candidate for deletion. It is iterative in 

nature. In each iteration it deletes every point that lies on the outer boundaries 

of the character pattern, as long as the width of the pattern is more than one 

pixel wide. This results in twenty rules, which are applied simultaneously at 

every iteration to each pixel. The iterations are repeated until no further 

changes occur. If the resultant pattern, at some point, has width (measured in 

any direction) equal to one pixel, then this pixel belongs to the central line of 



the symbol and will not be deleted. If the width at any point is two pixels, 

then the central line passes between these two pixels. This case is separately 

treated in the algorithm. The implementation steps of this algorithm are 

discussed below. 

Consider a binary image of an isolated handwritten character. It can be 

considered as a graph of black and white pixels. The white pixels represent 

the background and are denoted by 0's. The black pixels represent the 

character curve and are denoted by l's. Every pixel X has eight neighbours 

with a 3x3 pixel neighbourhood as shown in figure 4.6 

Figure 4.6 Pixel x and its eight neighbours 

The pixel x is then deleted if any one of the twenty conditions listed below 

is satisfied. 



List o f  twenty rules used in thinning 

l .  ~3 = x4 = xg= x 6 = l a n d  x l =  x 8 = 0  

2. x 4 =  x s =  x6= x 7 = l  and x l =  x 2  =O 

3. x l  = x 6  = x 7  = x 8  = l and x 3 =  x 4  =O 

4. x s  = x 6 =  x7  = x 8 = l a n d  x 2 =  x 3 = 0  

5 x s  = x 6  = l and x l  = x 2 =  x 3  = x 8  = 0  

6 x g = x 7 = 1  a n d x l = x 2  = x 3  = x 4 = 0  

7 x ? = x ~ = x ~  = x S  = x 6 = x 7  = x 8 = l a n d x l = 0  

8 X I = X ~ = X ~ = X ~ = X ~ = X ~ = X ~  = 1 a n d x 3 = 0  

9 x 4  = x 5  = 1 and x l  = x 2  = x 7  = x8 = 0  

1 0 . ~ 3  = Xq=l and X I  = X 6  = X7= X 8  = 0  

l l . x 7  = x 8  = l  and x 2 =  x 3  = x 4  = x S  = 0  

12. x l =  x8=1and x 3  = x 4 =  x s  = x 6  = O  

13. X 2  = X 3  = 1 and X 5  = X 6  = X 7  = x 8 = 0  

14. x l = X 2  = l a n d x 4 = X s  = X 6 = X 7 = 0  

15. X I =  X2= X j =  Xq= X6= X 7 =  X8= 1 andx5=0  

16. X I =  X2= X3= X4= Xs= x6= X 8  = l  andx7=0  

17. X I  = X2= X3= x8 = 1 and x5=x6 =O 

18. x l =  x 2 =  x7 = x 8 = l  and x 4 =  x 5 = 0  

19. X l = x 2  = x 3  = x 4  = land x 6  = x7  = O* 

20. X ? =  x 3 =  x 4  = x 5  = l and x 7 =  xg =O 



After each iteration, the parallel application of the twenty rules to each 

pixel in the image can be easily shown to result in peeling off the outer and 

inner boundaries of character curve. Drawback of the above procedure is that, 

when a part of a pattern is two pixels wide in the horizontal or vertical 

direction, these two pixels may be deleted and results in disconnected central 

lines. 

Figure 4.7(a) shows the results of thinning applied on Malayalam 

handwritten character m[-ah] with thinning stages leading to disconnected 

central lines. If we do not delete a pixel when the horizontal and vertical 

width equals to two, then we get a thinned image with many extraneous 

pixels. Figure 4.7(b) shows the results of thinning applied on Malayalam 

handwritten character m [-ah] with thinning stages leading to connected 

central lines but not one pixel wide. In order to solve this problem, for each 

iteration, we must first check whether the width of the pattern is two pixels or 

not. This can be achieved by some modification of above algorithm. The 

following section describes the implementation details of the modified rule 

based thinning algorithm and presents the results of thinning obtained for 

different Malayalam handwritten characters based on it. 



Figure 4.7 (a) Thinning stages leading to discontented 
central lines 

Figure 4.7 (b) Thinning stages leading to connected central lines 
but not one pixel width 

Algorithm: Modified rule based thinning 

Repeat the following steps until no changes occur from one iteration to 

the next. 

For iteration i, for every pixel W in the character image do the following: 

Step 1: 

If W belongs to two pixels wide in the vertical direction, go to step 2. 

If W belongs to two pixels wide in horizontal direction, go to step 3. 

Otherwise go to step 6. 



Stop calculations for the pixel W, otherwise, check if W belongs to 

Step 2: 

If W belongs to 

If yes, delete W and stop calculation for the pixel W, otherwise, go to 

step 4 

1 

Step 3: 

If W belongs to 

Stop calculation for the pixel W, otherwise, check if W belongs to 

K O \  

v 

1 1 1  

x g u  

If yes, delete W and stop calculations for the pixel W, otherwise, go to 

Step 5 

1 



Step 4: 

If W belongs to 

OR 

Stop calculation for the pixel W, otherwise, check if W belongs to 

If yes, stop calculation for the pixel W, otherwise go to step 6. 

Step 5: 

If W belongs to 

Stop calculations for this pixel, otherwise check if W belongs to 

OR 

If yes, stop calculation for the pixel W, otherwise go to step 6 

Step 6: Apply twenty rules and stop calculation for the pixel W. 

7 9 



4.4.1 Experimental Results 

Figure 4.8 shows the various stages of modified thinning procedure 

performed on the Malayalam handwritten character m[-ah] rotated in 

different angles. The results obtained by applying the above thinning 

algorithm on various isolated Malayalam handwritten character images show 

that the method is effective and can be used to thin any handwritten character 

in Malayalam irrespective of the direction of rotation. 

Figure 4.8: Results of thinning performed on Malayalam handwritten 
character m[-ah] rotated in different angles, with the original gray-scale 

and binary samples (Final thinned image is shown in the last column) 



Since the resultant thinned characters are formed on the central lines of 

the pattern, it is also capable to preserve the topology (shape) of the character 

curve. Figure 4.9 shows the results of the modified rule based thinning 

algorithm applied on the different Malayalam handwritten character images. 

Figure 4.9 Thinned images of selected Malayalam handwritten 
characters with the original gray-scale and binary samples 



4.5 Conclusions 

Different pre-processing techniques that are capable of preparing the 

original gray-scale images in the database for further feature extraction 

studies are discussed in this chapter. At first the foreground extraction from 

the gray-scale character image samples is performed using Otsu's global 

thresholding technique. To bring about size uniformity, the character image 

samples are then normalized in to 66x42 pixel size using Affine 

Transformation and Bilinear Interpolation algorithms. Finally a modified 

version of rotation invariant rule based thinning algorithm proposed by 

Ahmed.M and Ward.R is applied on Malayalam handwritten character images 

to acquire efficiently thinned images for further processing. 



CHAPTER 5 

HANDWRITTEN CHARACTER MODELING 
USING STATE-SPACE PARAMETERS 

BASED ON GRAY-SCALE IMAGES 

5.1 Introduction 

This chapter presents a novel method for modeling Malayalam 

handwritten characters directly from gray-scale images without the usual step 

of binarization. For this purpose the reconstructed state-space for each 

character pattern is generated based on the information obtained from the 

pixel intensity distribution of both the foreground and the background of the 

gray-scale image. Then the trajectory matrix of embedding dimension d=2 is 

formed from this reconstructed state-space of each character image. After that 

the scatter plot of the row vector of the trajectory matrix named Sate-Space 

Map (SSM) is constructed for each character image with one, four and eight 

directional space variations (space delay). The State-Space Point Distribution 

(SSPD) parameters are extracted for each character pattern from the state- 

space map. The extracted parameters are found to be promising and can be 

effectively used for the recognition purpose. 

5.2 Gray-scale Based Features for Modeling Handwritten Characters 

In the present study we propose a promising approach to perform 

feature extraction from gray-scale images of the handwritten characters. 

Direct feature extraction from gray-scale image is not a new idea 1Wang.L 



and Pavlidis.T, 199312. As early as in 1975, Peuker and Douglar [Peuker.T.K 

and Donglar.D.H, 19751 had proposed methods for the detection of 

topographic structure in a gray-scale image. Figure 5.1 shows the block 

diagram of the direct feature extraction method from the gray-scale image. 

A major challenge in gray-scale image based feature extraction is to identifL 

the candidate character locations in the image [Kahan.S et al., 19871. Here we 

introduced a new method of feature extraction based on the state-space 

representation by trying all possible locations in a gray-scale image. 

Digitization Binarization Feature extraction 

Grayscale Bilevel Set of features 

Direct feature extraction 

Figure 5.1 Direct feature extraction from gray-scale image 

5.3 The Reconstructed State-space for Handwritten Character Images 

In the case of purely deterministic systems, once it's state is fixed, then 

the states at all future times can be determined as well. Thus by all accounts it 

is significant to establish a vector space called State-Space or Phase-Space for 

the system such that, specifying a point in this space specifies the state of the 

system. This will definitely help us to study the dynamics of the system by 

studying the dynamics of the corresponding state-space points. 



The concept of the state of a system is powerful for non-deterministic 

systems also. Takens theorem states that under certain assumptions, 

state-space of a dynamical system can be reconstructed through the use of 

time delayed (space varying) versions of the original scalar measurements 

[Takens.F, 19811. This new state-space is commonly referred in the literature 

as a reconstructed state-space. It is also proven that the reconstructed 

state-spaces are topologically equivalent to the original phase-space of the 

dynamical system, as if all the state variables of that system would have been 

measured simultaneously [Ott.E, 19931, [Baker.G.L and Gollub.J, 19961. So a 

reconstructed state-space can be treated as a powerful signal-processing 

domain, especially when the dynamical system of interest is nonlinear or even 

chaotic [Kantz.H and Schreiber.T, 19981, [Broomhead.D.S and King.G, 19861. 

A reconstructed state-space for a dynamical system can be produced 

from a measured state variable, I,, n = 1, 2, 3 . . ..N, via the method of delays 

by creating vectors given by 

I n  = [ i n  i n+r  in+2r .... in+(d-l) r] 

where d is the embedding dimension and z is the chosen time or space delay 

value. 

The row vector, I,, defines the position of a single point in the 

reconstructed state-space. The row vectors then can be compiled into a matrix 



(called a trajectory matrix) to completely define the dynamics of the system 

and create a reconstructed state-space. 

A handwritten character image, denoted by a two-dimensional function 

f i x ,  y), can be treated as a dynamical system with the original scalar 

measurements including the pixel intensity values or amplitude off and the 

spatial co-ordinates (X, y). Based on the above theory, this study investigates a 

method to model a reconstructed state-space for handwritten character 

images, through the use of space varying versions of the original scalar 

measurements. Here trajectory matrices I ,  with embedding dimension d = 2 

and space delay or space variation z =l and I2 with embedding dimension 

d = 3 and space delay z = l  are constructed by considering the pixel intensity 

values i taken from all the spatial co-ordinate points of the image. The 

matrices I I  and I2 thus obtained are given below. 



A visual representation of the system dynamics is evident from 

figure 5.2(a) and Figure 5.2(b) obtained by plotting the row vectors of the 

above given trajectory matrix II and 12, constructed for the Malayalam 

handwritten character m [-ah] . 

The state-space reconstruction techniques are not specific to any 

particular production model of the underlying system with a finite dimension. 

Theoretically reconstructed state-spaces (in the case of an image it can be 

treated as space varying vectors of a two dimensional signal) are capable of 

capturing the full dynamics of the system including the non-linear 

information. 



Figure 5.2 (a) Plot of the two dimensional trajectory matrix II  of 
Malayalam handwritten character m [-ah] 

Figure 5.2 (b) Plot of the three dimensional trajectory matrix Z2 of 
Malayalam handwritten character m [-ah] 



In the present study the reconstructed state-space maps for segmented 

Malayalam handwritten characters are generated for one, four and eight 

directional space variations by considering one neighbour, 4-neighbours and 

8-neighbours of each pixel with space delay z=1 as discussed in the following 

sections. 

5.3.1 State-Space Map (SSM) of Handwritten Characters with One 

Directional Space Variation 

In this section state-space map of handwritten characters are 

constructed with one directional space variation (space delay). At the outset, 

the total 2772 pixel intensity values obtained from the size normalized 

handwritten character image of size 66x42 pixels, ranging from 0 to 255 gray 

level values, are treated as a state vector denoted by [il, i2, . . ..., i2772]. For each 

image sample, a trajectory matrix is formed by taking intensity values of each 

pixel p(x, y) and its neighbor p(x+l, y) denoted by in and i',' respectively. In 

all the cases the embedding dimension'd' is two and the space delay z is one. 

Now a scatter plot named State-Space Map (SSM) is generated by plotting the 

row vectors of the above constructed trajectory matrix (ie by plotting i,, versus 

. l  r .+I, where i' indicates the one directional space variation). Figure 5.3(a-f) 

shows the state-space maps of the selected Malayalam characters m [-ah], 

m [gal, s[ta], m[ thha], [pal ando[rha] constructed for one directional space 

variation. 



Fig. 5.3(a) SSM of Malayalam handwritten character m [-ah] 

Fig. 5.3(b) SSM of Malayalam handwritten character m[ga] 



Fig. 5.3(c) SSM of Malayalam handwritten character s[ta] 
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Fig. 5.3(d) SSM of Malayalam handwritten characterlo[ thha] 
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Fig. 5.3(9 SSM of Malayalam handwritten character o[rha] 

Figure 5.3(a-f): State-space maps for Malayalam handwritten characters 
m [-ah], cn[ga], s[ta], m[ thha], n~ [pal and o[rha] with one directional 

space variation 



Manually inspecting the SSMs of the forty four Malayalam characters, 

it is observed that more than fifty percent of the characters are distinguishable 

from each other. Here only one directional space variation is incorporated to 

construct state-space maps by considering the information regarding only one 

neighbour of each pixel in the image. In the case of gray-scale images, 

additional information of its pixel intensity distributions can be achieved by 

incorporating higher directional space variations. So it is good enough to 

construct SSMs by incorporating 4-directional and subsequently %-directional 

space variations by considering 4-neighbours and 8-neighbours of each pixel 

in the character image. Following sections describe the incorporation of four 

and eight directional space variation by considering information about four 

and eight neighbours of each pixel in the gray-scale images for the 

construction of SSMs for the handwritten characters. 

5.3.2 State-Space Map (SSM) of Handwritten Characters with Four 

Directional Space Variations 

This section deals with the construction of state-space maps for size 

normalized (66x42 pixel size) handwritten character images with four 

directional space variations. Here for each pixel p(x, y) in the image the set of 

its two horizontal and two vertical neighbours, N4p, whose co-ordinates are 

given by (X- l ,  y), (X+ l ,  y) and (X, y- l), (X, yt l )  respectively, are taken into 

account. Since each of these neighboring pixels are of unit distance from 

p(x, y), the space variation or space delay r is one. The intensity value of 



pixel p(x, y) is taken as in and that of its four neighbours are taken as il,+', 

.2 .3 4 .l .2 .3 
1 + 1 + 1 + Here z , z , and indicate four directional space variations. 

Finally the state-space map with four directional space variation is generated 

.2 .3 .4 .k by plotting in versus [il.+,, r .+l, z .+l, r i.e., plotting in versus r ,I 

where k = 1,2,3,4. This plot is a scatter plot of the trajectory of the system 

with embedding dimension d = 2 and the space delay z- =l,  varies in four 

directions. Figure 5.4(a-f) shows the state-space maps of the selected 

Malayalam handwritten characters m [-ah], cn [gal, s[ta], D[ thha], ,-,J [pal 

and o[rha] constructed for four directional space variations. From these 

figures it is evident that the state-space map for different characters are 

dissimilar in nature. It is also noted that the above obtained SSMs with four 

directional space variations are more informative than the state-space map 

with one directional space variation that are obtained in section 5.3.1. 

Manually inspecting the SSMs with four directional space variations of the 

forty four Malayalam characters it is observed that more than two third of the 

characters are distinguishable from each other. The modified version of the 

state-space map with eight directional space variations by comprising the 

information about eight neighbours of each pixel in the image is constructed 

as follows. 



Fig. 5.4(a) SSM of Malayalam handwritten character m [-ah] 

Fig. 5.4(b) SSM of Malayalam handwritten character co[ga] 



Fig. 5.4(c) SSM of Malayalam handwritten character s[ta] 
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Fig. 5.4(d) SSM of Malayalam handwritten characterm[ thha] 
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Fig. 5.4(e) SSM of Malayalam handwritten character [pal 

Fig. 5.3(f) SSM of Malayalam handwritten character o[rha] 

Figure 5.4(a-f): State-space maps for Malayalam handwritten 
characters m [-ah], cn [gal, s[ta], m[ thha], [pal ando[rha] with four 

directional space variations 



5.3.3 State-Space Map (SSM) of Handwritten Characters with Eight 

Directional Space Variations 

This section describes the proposed method to generate the state-space 

map of the handwritten character images with eight directional space 

variations by considering the eight neighbours, N8p, of each pixel p(x, y) in 

the character image. In addition to four horizontal and vertical neighbours, 

N4p, mentioned in section 5.3.2, the four diagonal neighbours, N4D, ofp(x, y) 

with the co-ordinates (X-l, y-l), (X-l, yi-l), (x+l, y-l)  and (x+l, y+l) are also 

considered here for constructing state-space maps. Since each of these 

neighbouring pixels are of unit distance from p(x, y), the space variation or 

space delay z is one. The intensity value of pixel p(x, y) is taken as in and 

that of its eight neighbours are taken as ikH1 where k = 1, 2, .., 8. Finally the 

state- space map with eight directional space variation is generated by plotting 

in versus Ll where k = 1, 2, .., 8. This plot is a scatter plot of the trajectory 

of the system with embedding dimension d = 2 and the space delay .r = l ,  

varies in eight directions. Figure 5.5 (a-f) shows the state-space maps of the 

selected Malayalam characters m[-ah], ~ ~ [ g a ] ,  s[ta], m [thha], ell [pal and 

o[rha] constructed for eight directional space variations. From this figure it is 

evident that the SSM for different characters are dissimilar in nature. 



Fig. 5.5(a) SSM of Malayalam handwritten character m [-ah] 

Fig. 5.5(b) SSM of Malayalam handwritten character cn[ga] 
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Fig. 5.5(c) SSM of Malayalam handwritten characters[ta] 
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Fig. 5.5(d) SSM of Malayalam handwritten character in[ thha] 



Fig. 5.5(e) SSM of Malayalam handwritten character [pal 

Fig. 5.5(f) SSM of Malayalam handwritten character o[rha] 

Figure 5.5(a-f): State-space maps for Malayalam handwritten 
charactersm [-ah], m [gal, s[ta], m[ thha], nl [pal and o[rha] with eight 

directional space variations 



Manually inspecting this state-space maps with eight directional space 

variations of the forty four Malayalam characters, it is observed that more 

than three fourth of the characters are distinguishable from each other. The 

state-space maps with eight directional space variations generated for 

different samples of the Malayalam handwritten character m [-ah] are shown 

in figure 5.6. From these figures it is evident that the state-space maps 

generated for different samples of the same character are similar in nature. 

The above results indicate that, state-space map can be effectively 

utilized for representing each Malayalam handwritten character since it is 

similar for different samples of the same character and differ from character 

to character. Moreover the state-space maps with eight directional space 

variations are found to be well-informed compared to the state-space map 

with one and four directional space variations and hence it is used further in 

the feature extraction stage. The following section describes the proposed 

method of parameter extraction from the state-space maps with eight 

directional space variations for Malayalam handwritten characters. 
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Figure 5.6: State-space maps for different samples of Malayalam 
handwritten characters m [-ah] with eight directional space variations 
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5.4 State-Space Point Distribution (SSPD) Features from the 

State- space Map 

In handwritten character recognition problem, selection of feature 

extraction method is certainly the most important factor in achieving high 

recognition performance. This section describes a scheme for extracting 

features from the gray-scale images of the handwritten characters based on 

their state-space map with eight directional space variations. For this purpose 

the state-space map of the character image is divided into grids with 16x1 6 

locations (boxes) as shown in figure 5.7. The box defined by the co-ordinates 

(0, O ) ,  (I, 1) is taken as box one and box just right side to it is taken as box 

two and it is extended towards X direction with the last box being (15, 0): 

(16, 1) is taken as box sixteen. Then the next row is scanned from the 

beginning and boxes are numbered consecutively. The same process is 

repeated for all rows and finally 256 boxes are spotted. The State-Space Point 

Distribution (SSPD) for each pattern is calculated by estimating the number 

of points in each of these 256 boxes. Using the above information the State- 

Space Point Distribution graph is plotted by taking the box number in X-axis 

and the number of points in each box in Y-axis. 



Figure 5.7 State-Space Map with 16 x16 locations 

Figure 5.8 (a-f) shows the state-space point distribution graph for the 

selected Malayalam handwritten characters m [-ah], m [gal, S [ta], ~[ thha] ,  

[pal and o[rha] obtained from the SSMs with eight directional space 

variations respectively. The state-space point distribution graph generated for 

different samples of the above characters are shown in figure 5.9 (a-f). The 

state- space map and its corresponding state-space point distribution graph 

obtained for different characters show the identity of that character as regard 

to the pattern. From the above analysis it is found that an efficient feature 

vector based on the SSPD can be effectively used to represent Malayalam 

handwritten characters and hence it can be set as an input to the recognition 

systems. 



Box Number 

Fig. 5.8 (a) SSPD graph of Malayalam handwritten character m [-ah] 

Box Number 

Fig. 5.8 (b) SSPD graph of Malayalam handwritten character m[ga] 
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BOX Nun ber 

Fig. 5.8 (e) SSPD graph of Malayalam handwritten character [pal 

Box Number 
Fig. 5.8 (f) SSPD graph of Malayalam handwritten character ~[rha]  

Figure 5.8 (a-f): SSPD graph of Malayalam handwritten characters 
m [-ah], cn [gal, S [ta], m[ thha], [pal and o[rha] obtained from 

state-space maps with eight directional space variations 



Fig. 5.9 (a) Character m [-ah] 

Fig. 5.9 (b) Character cn[ga] 

Fig. 5.9 (c) Character s[ta] 

Fig. 5.9 (d) Character to[ thha] 

Fig. 5.9 (e) Character d [pal 

Fig. 5.9 (f) Character o[rha] 

Figure 5.9 (a-f): SSPD graphs of different samples of Malayalam 
handwritten characters m [-ah], cn [gal, S [ta], m[ thha], d [pal and 

o[rha] obtained from the SSMs with eight directional space variations 



The feature vector is estimated by computing the average distribution 

of points in the sixteen consecutive boxes in the SSPD graph. Since there are 

256 boxes in the SSPD graph, the feature vector dimension is reduced to 

sixteen. Figure 5.10 (a-c) shows the feature vector graphs obtained from 

Malayalam handwritten characters m [-ah], m [gal and S [ta] plotted for 

fifteen samples of each character along with the mean curve. The graphs 

obtained for different samples of same character are similar where as graphs 

for different characters are highly distinguishable. Detailed studies on the 

recognition experiments based on the SSPD features are performed in 

succeeding chapters. 
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Figure 5.10(a) SSPD feature graph for Malayalam handwritten 
character m [-ah] 
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Figure 5.10 (b) SSPD feature graph for Malayalam handwritten 
character cn [gal 
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Figure 5.10(c) SSPD feature graph for Malayalam handwritten 
character S [ta] 



5.5 Conclusions 

A novel method for modeling Malayalam handwritten characters based 

on the gray-scale images is introduced. Reconstructed state-spaces in the form 

of State-Space Maps (SSMs) for character images are generated for one, four 

and eight directional space variations. State-space maps with eight directional 

space variations are found to be well-informed and hence it is used further in 

the feature extraction process. Sate-Space Point Distribution (SSPD) features 

are extracted from each of the character samples for recognition purpose. The 

SSPD feature vector graph plotted for each character shows that the extracted 

features are similar for different image samples of a given character and at the 

same time they considerably vary from character to character. 

The proposed method is very easy to implement since it does not 

require binarization. The difficulties in threshold selection and the subsequent 

loss of information caused by the process of binarization (that may results in 

broken strokes in binarized character image) are also eliminated in this 

method. Added advantage is that the feature extraction procedure is 

computationally less complex and the dimension of the feature vector 

(sixteen) is comparatively small. So the SSPD parameters derived from the 

gray-scale based SSMs of handwritten character samples can be effectively 

utilized for high speed HCR applications. 



CHAPTER 6 

HANDWRITTEN CHARACTER MODELING 
USING PERCEPTUAL FUZZY-ZONING 

6.1 Introduction 

In chapter 5 we introduced a new method for estimating gray-scale 

image based features for modeling Malayalam handwritten characters. 

A major problem with the gray-scale based feature extraction is that in some 

cases it may be difficult to identify the candidate character locations in the 

image due to the indistinguishable nature of the background noise and the 

foreground. An alternative method for modeling Malayalam handwritten 

characters from the pre-processed character image is proposed in this chapter. 

In order to remove the background noise the size normalized character images 

are binarized first. These binarized image samples are then thinned into single 

pixel wide skeletons. The algorithms used for performing the above said pre- 

processing techniques were already discussed in chapter 4. The pre-processed 

image samples are then used in the feature extraction process. 

Research findings already reported in the area of pattern recognition 

reveal that the different feature extraction methods fulfil1 the requirement to a 

varying degree, depending on the specific recognition problem 

ETrier.0.D et al., 19961. Since Malayalam handwritten character patterns are 

of different nature compared to characters of other languages, it is highly 



essential to analyze the shape based characteristics of each character pattern 

before feature extraction process. That is, a study on global properties of 

character patterns will definitely help in identifLing suitable features for 

recognition. Hence the properties of the forty four Malayalam handwritten 

characters that are included in the study, based on the aspect ratio, existence 

ratio and the centroid are identified in this work. 

In general, the feature extraction methods for handwritten character 

recognition are based on two types of features: statistical and structural. The 

statistical features are derived from statistical distributions of pixels, such as 

zoning, moments, projection histograms or direction histograms. Structural 

features are based on topological and geometrical properties of the character, 

like strokes and their directions, end-points or intersection of segments and 

loops CSirn0n.J.C et al., 19801, [Jain.A.K et al., 20001. The shape analysis of 

handwritten character images performed using the aspect ratio, existence ratio 

and the centroid, point up that in the case of Malayalam language, characters 

of the alphabet are rich in shape and they are subjected to many variations in 

terms of handwriting styles. So the integration of above stated structural and 

statistical information is a better solution to accommodate the large variations 

observed on the handwritten character images and highlight different 

character properties. Since these two types of features can be considered 

complementary in nature, the features representing the structural properties of 

different regions of the character image extracted with the aid of partial 



decomposition (zoning) should work efficiently for the Malayalam scripts. 

The first part of this chapter describes the shape analysis of Malayalam 

characters. In the second section two novel feature extraction methods, which 

are capable of extracting the structural properties of the character curves 

based on perceptual zoning, are introduced. 

6.2 Shape Analysis of Malayalam Handwritten Characters 

The section presents the analysis of shape-based characteristics of 

Malayalam handwritten characters. Some Malayalam characters often look a 

lot alike and hence the possibility of confbsing them with one another while 

conducting the recognition experiments is high. Figure 6.1 presents the group 

of Malayalam characters that are similar in structural features. It is evident 

that the structural properties of these characters in each group are almost 

same. So it is extremely difficult to list the structural features that distinguish 

those characters present in each group, 

From the preliminary analysis of the basic structure and spatial 

allocation of Malayalam characters, it is evident that these different groups of 

Malayalam characters have many features in common and so they will tend to 

be confbsed while considering only the structural features for recognition. 

The average aspect ratio, existence ratio and centroid of forty four basic 

Malayalam characters along with their root mean square (r.m.s) deviations are 

estimated as discussed in the following section. 



Figure 6.1 Malayalam handwritten characters with similarity in 

structural features 

6.2.1 Aspect Ratio of Malayalam Handwritten Characters 

Aspect ratio is defined as the height by width ratio of a character 

pattern. To compute the aspect ratio the binarised character images are 

initially cropped into minimum rectangle and the height and width of that 

rectangle which gives corresponding aspect ratio is found out. The root mean 

square (r.m.s.) deviations of corresponding aspect ratios for all the characters 



are also computed. Table 6.1 shows the average aspect ratios of the 716 

samples each of forty four Malayalam handwritten characters along with its 

r.m.s. deviation. 

Table 6.1 Average aspect ratios of forty four Malayalam handwritten 
characters with root mean square (r.m.s.) deviation 

Character 
Number 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

l l 

12 

22 1 rug [ dda ] 1 0.300096 1 0.048678 1 44 I n [ rha ] 1 0.365557 1 0.040562 1 

Character 

m [-ah] 

W[-aah] 

2 [-yi ] 

9 [ -uh ] 

8 [ -eru ] 

n ~ )  [ -eh ] 

Q[ -aeh] 

63 [ -oh ] 

6 [ ka ] 

m [ kha] 

cn [ ga ] 

W [ gha] 

Average 
Aspect 
Ratio 

0.245040 

0.333574 

0.257479 

0.353086 

0.495473 

0.373648 

0.3 12460 

0.5 14080 

0.469593 

0.342810 

0.371966 

0.3 17620 

r.m.s. 
Deviation 

0.024964 

0.022236 

0.030761 

0.040186 

0.019608 

0.033 154 

0.021983 

0.05 1725 

0.029649 

0.027655 

0.029466 

0.025 109 

Character 
Number 

23 

24 

25 

26 

2 7 

28 

29 

30 

3 1 

32 

33 

3 4 

Character 

m[ nha ] 

m [ tha ] 

m [ thha] 

n [ dha ] 

w [dhha ] 

m [na] 

[ pa ] 

no [ pha 1 
m [ ba ] 

n [ bha] 

D [ ma ] 

a [ ya ] 

Average 
Aspect 
Ratio 

0.23873 1 

0.270585 

0.426270 

0.5 14277 

0.410626 

0.30168 1 

0.2325 1 1 

0.272055 

0.210377 

0.39761 1 

0.494427 

0.3 10232 

r.m.s. 
Deviation 

0.024126 

0.024825 

0.040084 

0.034723 

0.025870 

0.026620 

0.029369 

0.024126 

0.013746 

0.023 169 

0.034753 

0.034560 



From the table it can be seen that the aspect ratios of the Malayalain 

handwritten characters vary within the interval 0.20789 to 0.68634 for the 

collected samples. The smallest average aspect ratio is for the character 

m[chha] and the highest value is obtained for the character 9 [zha]. The root 

mean square (r.m.s) deviations vary in the range 0.01259 to 0.06569. The 

smallest deviation is acquired for the character m[chha] and the highest 

deviation is shown by the character s[ta]. Figure 6.2 shows the graph plotted 

for the average aspect ratios of the forty four Malayalam characters. 

0 10 20 30 40 50 

Character Number 

Figure 6.2 Average aspect ratios of forty four Malayalam 
handwritten characters 



The graph indicates that it is hard to classifj the characters based on 

the aspect ratios of the characters. Even though the aspect ratios alone can't 

be considered as a feature for classification, it gives us a better understanding 

about the shape of Malayalam Characters. 

6.2.2 Existence Ratio of Malayalam Handwritten Characters 

Existence ratio is defined as the ratio of the number of black and white 

pixels in a character image pattern. The average existence ratio and its root 

mean square deviation computed for the forty four basic Malayalam 

handwritten characters from the 716 samples of each character are tabulated 

in Table 6.2. From the table it can be seen that the existence ratios vary in the 

range 0.04373 to 0.0872 1 for the collected samples of Malayalam characters. 

The smallest average existence ratio is for the character d[pa] and the highest 

value is obtained for the character S Ija]. 

The root mean square deviations vary in the range 0.01583 to 

0.006507. The smallest deviation is acquired for the character d [ h a ]  and the 

highest deviation is shown by the character s[ta]. It is also noted that the root 

mean square (r.m.s) deviations obtained for existence ratios are much less 

than that obtained in the case of aspect ratios. Figure 6.3 shows the graph 

plotted for the average existence ratio of the forty- four basic characters. 



Table 6.2 Existence ratio of the Malayalam handwritten characters with 
root mean square (r.m.s) deviation 

Character 
Number 

1 

2 

3 

4 

5 

6 

7 

Character 

m [-ah] 

c q  [-aah] 

g [-yi ] 

2 [ -uh ] 

8 [ -eru ] 

a [ -eh ] 

n ~ j  [ -aeh] 

18 

19 

20 

2 1 

22 

Average 
Existence 

Ratio 

0.078453 

0.073229 

0.068182 

0.059123 

0.083207 

0.069448 

0.071 32 1 

m [ nja ] 

S [ ta ] 

o [ tta ] 

nu [ da ] 

rus [ dda ] 

r.m.s. 
Deviation 

0.004809 

0.004959 

0.003223 

0.003 120 

0.002022 

0.002537 

0.00 1966 

0.076160 

0.054076 

0.050790 

0.056884 

0.066768 

Character 
Number 

23 

24 

25 

26 

27 

2 8 

29 

0.003 167 

0.006507 

0.003233 

0.001 605 

0.003248 

Character 

m[ nha ] 

m [ tha ] 

tn [ thha] 

n [ dha ] 

w [dhha ] 

m [na] 

[ pa ] 

40 

4 1 

42 

43 

44 

Average 
Existence 

Ratio 

0.073230 

0.065432 

0.055671 

0.053269 

0.050006 

0.053 161 

0.043728 

r.m.s. 
Deviation 

0.001759 

0.00 1823 

0.002396 

0.003572 

0.001 75 1 

0.002077 

0.00 1956 

rru [ sa ] 

nn [ ha ] 

9 [ lha ] 

g [ zha ] 

o [ rha ] 

0.053 165 

0.049949 

0.067015 

0.063913 

0.043865 

0.00295 1 

0.001 583 

0.0045 15 

0.001838 

0.002032 
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Figure 6.3. Average existence ratios of forty four Malayalam 
handwritten characters 

The graph indicates that it is hard to group the characters based on the 

existence ratios of the characters. Even though the existence ratios alone can't 

be considered as a feature for classification, it can be used as a parameter to 

identify the statistical distribution of each character curve and hence provide 

better information about its shape. 

6.2.3 Centroid of Malayalam Handwritten Characters 

The centroid of a character pattern is a single point (C,, C,) defined by 

the average X and average Y co-ordinates of each black pixel that constitute 

that pattern. The X and Y co-ordinate values of the centroid C, and C,. of a 

character curve can be estimated as, 



1 N l N c = , C x i  and C y = , C Y i  

i=l 1 = 1  

where N is the total number of black pixels that constitute the character curve 

and xi and yi are the X and Y co-ordinate values of those black pixels. 

Table 6.3 shows the average centroid values computed for the forty 

four Malayalam handwritten characters by considering 7 16 samples of each 

character. From the table it can be seen that the Xvalues of the centroid vary 

in the range 17.886 to 27.249 for the collected samples of Malayalam 

characters. The smallest average X value for the centroid is acquired for the 

character [-aah] and the highest value is obtained for the character c~ [pal. 

The average Y values of the centroid vary in the range 23.989 to 38.623 for 

the collected samples. The smallest average Y value for the centroid is 

acquired for the character g[-yi ] and the highest value is obtained for the 

character m [chha]. 

The average r.m.s. deviation of centroid is tabulated in Table 6.4. From 

the table it can be seen that the r.m.s deviation for X values of the centroid 

vary in the range 0.432 to 2.283 for the collected samples of Malayalam 

characters. The smallest r.m.s deviation for Xvalue of the centroid is acquired 

for the character nu[da] and the highest value is obtained for the character 

s[ta]. The average r.m.s deviations for Y values of the centroid vary in the 

range 0.401 to 2.921 for the collected samples. The smallest r.m.s deviation 



for Y value of the centroid is acquired for the character sm[nha] and the 

highest value is obtained for the character S [ta]. 

Figure 6.4 shows the scatter plot drawn for the average centroids of the 

forty four Malayalam characters. From the graph it is evident that the 

grouping or classification of character patterns based on centroid is not 

feasible. But the scatter plot seems to be an aid to understand the complexity 

of the character patterns to be recognized. 

The above shape analysis performed on Malayalam handwritten 

characters based on aspect ratio, existence ratio and centroid indicates that it 

is extremely difficult to classify the character patterns based on the global 

structural or statistical features. It is also evident that these global features 

considerably deviate from the norm or average. Therefore the studies in the 

direction of designing parameters that are capable of representing the 

information content regions in a character pattern are essential. The following 

section describes new feature extraction methods proposed for Malayalam 

handwritten characters based on region decomposition or perceptual zoning. 



Table 6.3: Centroid of the forty four Malayalam handwritten 
characters 

Character 
Number 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

l l 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

Character 

cma [-ah] 

[-aah] 

9 [-yi ] 

9 [ -uh ] 

,g [ -em] 

4 [ -eh ] 

a [ -a&] 

a [ -oh ] 

6 [ ka ] 

6~ [ kha] 

cn [ ga ] 

~ Q I  [ gha] 

m [ nga ] 

g [ cha ] 

m [chha] 

~ [ j a ]  

[ jha ] 

m [ nja ] 

S [ ta ] 

0 [ tta ] 

[ da ] 

[ dda ] 

Centroid 
(CX,CY) 

(22.072,3 1.859) 

(17.886,33.464) 

(23.918,23.989) 

(25.405,27.265) 

(20.535,32.169) 

(2 1.4 17,37.40 1) 

(2 1.724,37.24 1) 

(22.3 19,3 1.659) 

(25.1 15,30.779) 

(21.893,32.521) 

(22.262, 3 1.329) 

(20.581,32.869) 

(19.669,30.122) 

(26.269,36.135) 

(22.958, 38.623) 

(23.541,29.235) 

(21.093, 32.955) 

(19.942,3 1.426) 

(24.259,33.351) 

(21.902, 30.739) 

(21.308,34.764) 

(21.607,36.748) 

Character 
Number 

23 

24 

2 5 

26 

27 

2 8 

29 

3 0 

3 1 

3 2 

33 

3 4 

3 5 

36 

37 

38 

39 

40 

4 1 

42 

43 

44 

Character 

m [ nha ] 

m [ tha ] 

m [ thha ] 

n [ dha ] 

cu [dhha ] 

m [na] 

[ pa ] 

[ pha] 

m [ ba ] 

~ [ b h a ]  

D [ ma ] 

a [ ya ] 

[ra] 

[ la ] 

r r ~  [ va ] 

m [ sha ] 

a [shha ] 

m, [ sa ] 

[ ha ] 

2 [ l h a ]  

9 [ zha] 

[ rha ] 

Centroid 
(CX,CY 

(20.105,30.397) 

(20.203,34.095) 

(24.523,32.012) 

(22.120, 32.010) 

(24.782,3 1.429) 

(19.433, 32.936) 

(27.249.35.44 1) 

(25.933, 38.262) 

(21.981,32.654) 

(21.291,35.754) 

(23.414,35.145) 

(2 1.880, 34.169) 

(20.457, 33.791) 

(23.587,29.563) 

(2 1.286,34.282) 

(22.625,32.207) 

(24.828, 36.538) 

(23.642,35.247) 

(22.879, 36.650) 

(25.152,27.131) 

(21.161,35.511) 

(1 8.467,33.266) 



Table 6.4: Root mean square (r.m.s) deviation in centroid for the forty 
four Malayalam handwritten characters 

Character 
Number 

l 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

Character 

m [-ah] 

[-aah] 

g [-yi ] 

9 [ -uh ] 

g [ -em ] 

Q [ -eh ] 

,q [ -aeh] 

s, [ -oh ] 

a [ ka ] 

6~ [ kha ] 

[ ga ] 

WI [ gha] 

m [ nga ] 

a [ cha ] 

m [chha] 

~ [ j a ]  

m [ jha ] 

m [ nja ] 

S [ ta ] 

o [ tta ] 

[ da ] 

m [ dda ] 

r.m.s Deviation 
from Centroid 

(0.969, 1.139) 

(0.747, 0.989) 

(0.475, 1.505) 

(0.891, 1.559) 

(0.608,0.856) 

(0.867, 1.158) 

(0.613,0.669) 

(0.799,0.994) 

(0.795,0.904) 

(0.844, 1.190) 

(0.564, 1.219) 

(1.676, 1.577) 

(0.794,0.757) 

(1.090, 1.022) 

(2.258, 1.390) 

(0.715,1.283) 

(1.100, 1.089) 

(0.537,0.775) 

(2.283,2.921) 

(0.769, 1 .g631 

(0.432, 0.827) 

(0.703, 1.069) 

Character 
Number 

23 

24 

2 5 

26 

27 

28 

29 

30 

31 

32 

33 

3 4 

3 5 

3 6 

37 

38 

39 

40 

4 1 

42 

43 

44 

Character 

m [ nha ] 

m [ tha ] 

in [ thha ] 

n [ dha ] 

cu [dhha ] 

m [na] 

[ pa ] 

[ pha] 

m [ ba ] 

E [ bha] 

[ ma ] 

CQI [ ya ] 

[ra] 

[ la ] 

[ va ] 

m [ sha ] 

n91 [shha ] 

m , [ s a ]  

f i  [ ha ] 

I, [ lha ] 

9 [ zha ] 

o [ rha ] 

r.m.s Deviation 
from Centroid 

(0.504,0.40 1 )  

(0.694,0.833 ) 

(1.072,0.609) 

(0.938,2.066) 

(0.498,0.703) 

(0.507,0.969) 

(0.788,0.8 18) 

(0.595,0.868) 

(1.015,0.841) 

(0.689,0.741) 

(0.530,0.924) 

(1.433, 1.287) 

(0.664,0.461) 

(1.484, 1.873) 

(0.887, 1.932) 

(1.008,0.509) 

(0.679, 1 .l951 

(1.189,1.173) 

(0.861,0.597) 

(0.823,2.571) 

(1.044,0.620) 

(0.504,0.591) 
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Figure 6.4 Centroids of forty four Malayalam handwritten characters 

6.3 Perceptual Zoning for Handwritten Character Modeling 

Perceptual zoning or region decomposition can be viewed as a 

mechanism for local information analysis on partitions of a given pattern and 

resembles that of human perception. This method investigates the recognition 

of patterns based on their parts, by identifying potential parameters when an 

uncertainty or confusion occurs at a given point. In this perspective it is 

necessary to locate the meaningful region of the character curve for effective 

and efficient recognition [Sekuler.R and Blake.R, 19941, [Schomaker.L and 

Segers.E, 19981. But the challenging task is to identify the most meaningful 

part or information content region, which helps to identify each character. In 



most of the character recognition applications zoning is mainly applied to 

compute the percentage of black pixels in each zone. Remarkable results are 

reported in the literature on handwritten character recognition in various 

languages based on this method [Kimura.F and Sridhar.M, 19911, 

[Takahashi.H, 199 l], [Bokser.M, 19921. But the non-uniform sized zones 

used in most of these handwritten character recognition studies are not much 

helpful for Malayalam characters. It is mainly because of the diverse 

structural characteristics of Malayalam characters. It's encompassing round 

diffusion differentiates it from other scripts and numerals (where the non- 

uniform sized zoning techniques are mainly used), which have vertical or 

horizontal dispersion. 

In the present study we propose two feature extraction techniques 

specially designed for the Malayalam characters by dividing the character 

patterns into nine uniform zones. Firstly, zoning method is implemented with 

the vector distance features and later it's modified version is proposed using 

fuzzy-zoning method with normalized vector distance feature as discussed in 

the following sections. 

6.3.1 Zoned Vector Distance (Z-VD) Features for Handwritten 

Character Modeling 

In this section a new feature extraction scheme for Malayalam 

handwritten characters based on zoned vector distance measure is introduced. 

From the analysis conducted on the aspect ratios of Malayalam handwritten 



characters, in section 6.2.1, it is observed that the ratios vary in the range 

0.20789 to 0.68634. So it is difficult to enclose every Malayalam character in 

a standard rectangular grid as done in much of the character recognition 

works in other languages. Even if we try to enclose Malayalam characters 

within a standard rectangular structure, the rectangle should be large enough 

to accommodate the largest character. Splitting this into equal zones, results 

in each zone being abnormally large with respect to small characters and 

some zones will remain without any character curve information at all. This is 

the serious anomaly possessed while enclosing the non-uniform sized 

Malayalam handwritten characters in a standard rectangular structure. In order 

to overcome this problem, before applying zoning, we have normalized all the 

character samples into 66x42 pixel size window using Affine Transformation 

and bilinear interpolation technique. The output window size 66x42 pixels is 

arrived by trial and error experiment. 

The size normalized character images are then binarised using Otsu's 

global thresholding algorithm. The rotation invariant thinning algorithm is 

applied on the binarised character images to get single pixel wide character 

skeletons. The detailed descriptions of the above stated pre-processing 

algorithms were discussed in chapter 4. 

On enclosing the size normalized Malayalam handwritten characters in 

a standard minimum rectangle, in almost all the cases, the character curve is 

found to be equally distributed in all the zones of enclosing rectangle. In this 



study we propose a zoning method in which the standard windows, 

constructed for enclosing the size normalized character images, are 

partitioned into nine (3x3) uniform zones. Figure 6.5 shows the zoning 

applied on the pre-processed Malayalam handwritten character m [-ah]. 

Figure 6.5 Zoning applied on Malayalam character m [-ah] 

The structural property of the character curve present in each zone is 

obtained by estimating the sum of the vector distances of each pixel on the 

curve from the absolute origin. For this purpose the bottom right corner of the 

minimum rectangle enclosing the character curve is considered as the absolute 

origin (0,O). The vector distance of kth pixel pk(x, y) on the character curve in 

the rth region out of nine regions at location (X, y) is computed by the 

expression, 



The zoned vector distances Z-VD, for each region is computed by 

adding the vector distances drk computed for all the black pixels of the 

character curve in that particular zone with the expression 

where N, is the number of pixels in P region 

The proposed zoning mechanism with vector distance feature 

extraction method to model handwritten Malayalam characters is summarized 

in the following algorithm. 

Algorithm: Feature extraction based on zoned vector distance (Z-VD) 

Step l : Crop the handwritten character image sample taken from the database 

in to minimum rectangle such that the character curve fits exactly to 

the rectangle. 

Step 2: Apply size normalization and map the character image to a standard 

rectangle of size 66x42 pixels and perform thresholding and thinning 

on each character image. 

Step 3: Divide the resultant image into 3x3 equal zones. 

Step 4: Compute the vector distance (hk) for character curve included in each 

zone by considering the bottom left corner as the absolute 



origin (0, 0). The vector distance of klh pixel in rth zone at location 

(X, y) is given by the expression 

Step 5: The zoned vector distances Z-VD, is estimated by computing the sum 

of vector distances of all black pixels in a particular zone using the 

expression, 

where N, is the number of pixels in rth region 

Step 6: The nine feature elements computed in step 5 constitute the final 

feature vector Z-VD. 

Figure 6.6(a-f) shows the zone number r versus zoned vector distance 

Z-VD, feature graph plotted for the different samples of selected Malayalam 

characters. In the graph, the slim lines represent the feature graph obtained 

using the repeated samples of the same character written by different writers. 

The bold line represents the average of the above said multiple curves. 

Analysis of these feature graphs drawn for forty four Malayalam handwritten 

character shows that for different samples of the same character, the 

distribution of Z-VD features are similar in nature and at the same time it is 

distinguishable for different characters. The recognition experiments based on 

the Z-VD features using different pattern classification techniques are 

presented in the two succeeding chapters. 



Figure 6.6 (a) Zone number vs. zoned vector distance (Z-VD,) feature 
graph for Malayalam handwritten character m [-ah] 

Zone Number 

Figure 6.6 (b) Zone number vs. zoned vector distance (Z-VD,) feature 
graph for Malayalam handwritten character cn[ga] 



Figure 6.6 (c) Zone number vs. zoned vector distance (Z-VD,) feature 
graph for Malayalam handwritten character s[ta] 
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Figure 6.6 (d) Zone number vs. zoned vector distance (Z-VD,) feature 
graph for Malayalam handwritten character m[ thha] 
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Figure 6.6 (e) Zone number vs. zoned vector distance (Z-VD,) feature 
graph for Malayalam handwritten character nl [pal 

0 2 4 6 8 10 
2500 I I I I 2500 

-A- Mean I 

Zone Number 

Figure 6.6 (f) Zone number vs. zoned vector distance (Z-VD,) feature 
graph for Malayalam handwritten character o[rha] 



Two main limitations can be identified with the above extracted Z-VD 

features. The first one is due to the varying length of character curves 

obtained for different samples of the same character located in a particular 

zone as illustrated in figure 6.7. If the character curve lengths vary 

considerably for different samples of the same character inside a particular 

zone then the sum of the vector distances estimated for all the pixels in that 

region also vary accordingly. This may lead to the irregularity in feature 

vector extracted from different samples of the same character. 

Figure 6.7 Samples of the Malayalam handwritten character m [-ah] 
with varying length character curves in zones 

The second problem is that when character curve is close to the zone 

borders, small variations in the curve could lead to large variations in the 

extracted features. Some selected samples of the handwritten Malayalam 

character m[-ah] with deviations on the character curve close to the zone 

borders are shown in figure 6.8. The following section deals with the fine- 

tuning of the above proposed Z-VD parameters in order to surmount these 

two limitations. 



Figure 6.8 Samples of the handwritten Malayalam character m[-ah] 
with deviations on the character curve close to the zone borders 

6.3.2 Fuzzy-Zoned Normalized Vector Distance (FZ-NVD) Features for 

Handwritten Character Modeling 

The difficulties occurred due to the variable length of the character 

curve for the different samples of the same character in each zone are 

surmounted by computing the normalized vector distances for each zone. This 

modification is achieved by dividing the total vector distance computed for 

each zone with the total number of black pixels constituting the character 

curve. The second problem identified with the Z-VD features, emerged due to 

the formation of crisp zone boundaries used for partitioning the character 

images, is tackled by introducing fuzzy borders for each zone. Here each 

region boundaries except the outer boundaries are converted into fuzzy 

borders. This is achieved by dividing each zone borders into 3 fuzzy regions. 

The nine fuzzy zones (1 to 9) thus obtained are classified as corner regions 

(1, 3, 7 and 9), peripheral regions (2, 6, 8 and 4) and the central region (5). 



Nine fuzzy zones with their fuzzy region boundaries obtained by this region 

decomposition process are illustrated in figure 6.9 (azd). 

Fig. 6.9 (a) Zoning with fuzzy borders 

Fig. 6.9 (b) Corner zones 

Fig. 6.9 (c) Peripheral zones 

Fig. 6.9(d) Central zone 

Figure 6.9(a-d) Nine fuzzy-zones with the region boundaries 



The fuzzy regions fixed for each of the zone boundaries are named as 

region-a, region-b and region-c. Membership values for each pixel as part of 

the character curve within these fuzzy boundaries are set according to their 

degree of inclusion (membership grades) in that region. A pixel that is not a 

part of the fuzzy boundary is assigned a membership value l. All pixels in the 

fuzzy region-a are assigned a membership value 0.75, pixels in the fuzzy 

region-b are assigned a membership value 0.5 and fuzzy region-c gets a 

membership value 0.25. This fuzzy zone design finds a single pixel as a 

member of different fuzzy regions with varying membership values. 

In the next stage each of the hzzy-zones are treated separately for the 

feature extraction process. By considering the bottom left corner of the 

minimum rectangle enclosing the character curve as the absolute origin, the 

vector distance for k' pixel in the rth region at location (X, y) is computed as 

The sum of the vector distances of all the pixels from the origin for 

each zone is computed separately. After that the normalized vector distance 

Z-NVD, is computed, for each zone, by dividing the sum of the vector 

distances of all the black pixels constituting the character curve that resides in 

a particular zone with the total number of black pixels in that zone using the 

expression, 



Z-NVD, =-L C drk for r = 1,2;. . ..., 9. 
Nr k = l  

where N, is the number of pixels representing the character curve that reside 

in rh region. 

The fuzzification of the normalized vector distance Z-NVD, is 

performed on the basis of fuzzy zoning concept. Here the vector distance 

calculated for each pixel drk is multiplied with their membership value in that 

region. The fuzzified normalized vector distance feature value for each zone 

is computed by the expression, 

1 
FZ-NVD, = - ,mk drk for r = 1,2,. . . ..,9. 

Nr k= l  

where  us, is the membership value of the pixel k in the region r and 

drk is the vector distance from the origin for the pixel k in the region r. These 

nine normalized fuzzy vector distances computed for each of the fuzzy 

regions constitute the final feature vector FZ-NVD. The proposed fuzzy- 

zoning based feature extraction method used for modeling Malayalam 

handwritten characters is summarized in the following algorithm. 

Algorithm: Feature extraction based on Fuzzy-Zoned Normalized 

Vector Distance (FZ-NVD) 

Step 1 : Crop the handwritten character image sample taken from the database 

in to minimum rectangle such that the character curve fits exactly to 

the rectangle. 



Step 2: Apply size normalization by mapping the character image to a 

standard rectangle of size 66x42 pixels and perform binarization and 

thinning on each character image sample. 

Step 3: Divide the resultant image into 3x3 uniform sized zones (1 to 9). 

Region boundaries except the outer boundary are converted into 

fuzzy borders. 

Step4: Fuzzy membership values 0.25, 0.5 or 0.75 are assigned to each and 

every pixel present in the three regions of the fuzzy borders 

according to their degree of inclusion. 

Step 5: Compute the vector distance drk for each of the pixels in the character 

curve included in each zone by considering the bottom left corner as 

the absolute origin (0, 0). The vector distance for kh pixel with P 
2 112 zone at location (X, y) is given by the expression drk = (x2 + y ) 

Step 6: The normalized vector distance Z-NVD, for each zone is computed by 

dividing the sum of the vector distances of all the black pixels (points 

on the character curve) with the total number of pixels in that zone 

using the expression, 

l 
Z-NVD, =- drk for r = 1,2,. . . . .,9. 

Nr k=1 

where N, is the number of black pixels in rth region 



Step 7: Perform fuzzification of the above obtained normalized vector 

distance FZ-NVD, by multiplying the vector distance computed for 

each pixel drk by their membership values using the expression, 

1 N .  
FZ-NVD, =- ,wk drk for r = l ,  2,. . ..., 9. 

Nr k=, 

where p - k  is the membership value of the pixel k in the region r 

and drk is the vector distance from the origin for the pixel k in the 

region r. 

Step 8: The nine normalized fuzzy vector distances computed in step 7 

constitute the final feature vector FZ-NVD. 

Figure 6.10(a-f) shows the feature vector graph plotted for the 

FZ-NVD features obtained for the different samples of selected Malayalam 

characters. The slim lines in the graph represent the feature graph obtained 

from the repeated samples of the same character written by different writers. 

The bold line indicates the mean feature curve. From these graphs we see that 

the distribution of feature values is almost similar for different samples of a 

particular character and varies from character to character. It is also important 

that the dimension of the feature vector is nine and it is comparatively very 

small. So this extracted information can be effectively utilized as a parameter 

for high speed Malayalam handwriting recognition applications. The 

recognition experiments based on FZ-NVD features using different pattern 

classifiers have been conducted in the succeeding chapters. 
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Figure 6.10 (a) Fuzzy-zone number vs. fuzzy-zoned normalized vector 
distance (FZ-NVD,) feature graph for Malayalam handwritten 

character m [-ah] 
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Figure 6.10 (b) Fuzzy-zone number vs. fuzzy-zoned normalized vector 
distance (FZ-NVD,) feature graph for Malayalam handwritten 

character m[ga] 



Figure 6.10 (c) Fuzzy-zone number vs. fuzzy-zoned normalized vector 
distance (FZ-NVD,) feature graph for Malayalam handwritten 

character s[ta] 
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Figure 6.10 (d) Fuzzy-zone number vs. fuzzy-zoned normalized vector 
distance (FZNVD,) feature graph for Malayalam handwritten 

character m[ thha] 
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Figure 6.10 (e) Fuzzy-zone number vs. fuzzy-zoned normalized vector 
distance (FZNVD,) feature graph for Malayalam handwritten 

character [pal 
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Figure 6.10 (f) Fuzzy-zone number vs. fuzzy-zoned normalized vector 
distance feature (FZ-NVD,) graph for Malayalam handwritten 

character o [rha] 



6.4 Conclusions 

The global characteristics of Malayalam handwritten character patteriis 

are analyzed based on the aspect ratio, existence ratio and the centroid of the 

character curve. The experimental results indicate that it is extremely difficult 

to classifjr the character patterns based on the global features. As a solution, 

an efficient algorithm for identifying the characteristics of character patterns 

based on their parts is introduced. Consequently a novel method for 

handwritten character modeling using perceptual zoning of the pre-processed 

character images using the vector distance as the parameter measure is 

proposed and evaluated. These features are then fine tuned with the fuzzy- 

zoning and normalized vector distance measures. It is found that the 

distribution patterns obtained from these features are almost similar for 

repeated samples of the same character written by different writers and varies 

from character to character. So these parameters can be effectively employed 

to model handwritten Malayalam characters and hence can be hrther utilized 

for recognition. 

This feature extraction technique is computationally simple and easy to 

implement. The added advantage is that since the feature vector dimension is 

very small it can be used for high-speed recognition applications. 



CHAPTER 7 

HANDWRITTEN PATTERN RECOGNITION 
USING CLUSTER ANALYSIS, 

k-NN CLASSIFIER AND CLASS-MODULAR 
NEURAL NETWORK 

7.1 Introduction 

The best pattern recognizers in most instances are human beings. Yet 

we do not completely understand how they recognize patterns. Pattern 

recognition is the study of how machines can observe the environment, learn 

to distinguish pattern of interest from their background, and make sound and 

reasonable decisions about the categories of the patterns. Automatic 

(machine) recognition, description, classification and grouping of patterns are 

important problems in a variety of engineering and scientific disciplines. 

Pattern recognition can be viewed as the categorization of input data into 

identifiable classes via the extraction of significant features or attributes of the 

data from the background of irrelevant details. Duda and Hart [Duda.R.O and 

Hart.P.E, 19731 define it as a field concerned with machine recognition of 

meaningful regularities in noisy or complex environment. It encompasses a 

wide range of information processing problems of great practical significance 

from handwritten character recognition and speech recognition, to fault 

detection in machinery and medical diagnosis. Today, pattern recognition is 

an integral part of most intelligent systems built for decision making. 



Normally the pattern recognition processes make use of one of the following 

two classification strategies. 

1. Supervised classification (e.g., discriminant analysis) in which the 

input pattern is identified as a member of a predefined class. 

. . 
11. Unsupervised classification (e.g., clustering) in which the pattern is 

assigned to a hitherto unknown class. 

In the present study the well-known approaches that are widely used 

to solve pattern recognition problems including clustering technique (c-Means 

algorithm), Statistical pattern classifier (k-Nearest Neighbour classifier), and 

connectionist approach (Class-Modular Artificial Neural Networks) are used 

for recognizing Malayalam handwritten characters. Here c-Means clustering 

technique is based on unsupervised learning approach. The k-NN classifier 

and class-modular neural network work on the basis of supervised learning 

strategy. 

The state-space point distribution (SSPD) features extracted from the 

gray-scale images of the handwritten characters as explained in chapter 5, 

zoned vector distance (Z-VD) features and perceptual fuzzy-zoned normalized 

vector distance (FZ-NVD) features estimated from the pre-processed character 

images as discussed in chapter 6 are used as parameters for recognition study. 

The recognition experiments are conducted using the different pattern 

recognition algorithms in order to identifl the credibility of the proposed 

parameters. This chapter is organized in three sections. First section presents 



the character recognition experiments conducted using cluster analysis. The 

second section deals with recognition experiments conducted using k-NN 

statistical classifier. The third section describes the class-modular neural 

network architecture and the simulation experiments conducted for the 

recognition of Malayalam handwritten characters along with the performance 

comparisons of various classifies and proposed parameters. 

7.2 Cluster Analysis for Pattern Recognition 

In real life applications, we handle a huge amount of information that 

are perceived. Here processing every piece of information as a single entity 

would be impossible. Thus we tend to categorize entities into clusters, which 

are characterized by common attributes of the entities it contains and hence 

the huge amount of information contained in any relevant process is reduced. 

Some of the common definitions proposed for a cluster are given below. 

1. A cluster is a set of entities that are alike, and entities from different 

clusters are not alike. 

2. A cluster is an aggregation of points in the test space such that the 

distance between any two points in the cluster is less than the distance 

between any point in the cluster and any point not in it. 

3. Clusters may be described as connected regions of a p-dimensional 

space containing a relatively high density of points, separated from 

other such regions by a region containing a relatively low density of 

points. 



Clustering is a major tool used in pattern recognition processes 

generally for data reduction, hypothesis generation, hypothesis testing and 

prediction based on grouping. In several cases, the amount of data available 

in a problem can be very large and, as a consequence, its effective processing 

becomes very demanding. In this context data reduction by the help of cluster 

analysis can be used in order to group data into a number of reduced 

representative clusters. Then each cluster can be processed as a single entity. 

In some other applications cluster analysis can be used to infer some 

hypothesis concerning the nature of the data. These hypotheses must then be 

verified using other data sets and in this context, cluster analysis is used for 

the verification of the validity of a specific hypothesis. 

Another important application of cluster analysis is the prediction 

based on grouping. In this case, cluster analysis is applied to the available 

data set, and the resulting clusters are characterized based on the 

characteristics of the patterns by which they are formed. Consequently, if we 

are given an unknown pattern, we can determine the cluster to which it is 

more likely to belong and we characterize it based on the characteristics of the 

respective cluster. In the present study, we are interested in applying cluster 

analysis for prediction based on the grouping using c-Means clustering 

technique for the recognition of handwritten character patterns. The 

implementation details and experimental results using these techniques are 

explained in the following section. 



7.2.1 c-Means Clustering for Handwritten Character Recognition 

The c-Means algorithm is one of the most simple and well-known 

clustering techniques. This has been applied to variety of pattern recognition 

problems. It is based on the minimization of an objective function, which is 

defined as the sum of the squared distances from all points in a cluster domain 

to the cluster centre. Determining the prototypes or cluster centers is a major 

task in designing a classifier based on clustering. This is normally achieved 

on the basis of minimum distance approach. Prior to designing pattern- 

clustering algorithms we must define a similarity measure by which we 

decide whether or not two patterns x and y are members of the same cluster. 

A similarity measure 6(x, y) is usually defined, so that the principle 

lim 6(x, y) = 0 as X--+ y hold. This is the case for example, if the patterns are 

in R" and we define 

d(x,y)= llx-yl12 

The detailed procedure and implementation details of the c-Means 

clustering technique used for classifLing Malayalam handwritten characters 

are explained below. 

The c-Means algorithm partitions a collection of n vectors X,, where 

j = l ,....., n into m groups G ,  i = 1 ,......, m and finds cluster centers 

ci, i = 1,. . ., m corresponding to each group such that a cost function of 

dissimilarity (or distance) measure is minimized. 



A generic distance function d(xk, ci) can be applied for vector xk in 

group i; the corresponding cost function is thus expressed as 

In this work the Euclidean distance is chosen as the dissimilarity 

measure between a vector xk in group Gi and the corresponding cluster centre 

c;. Here the cost function is defined by 

where J; = 11 xk - ci 11 * is the cost function within group i. The value 
k, X, E G, 

of Ji depends on the geometrical properties of Gi and the location of c;. 

The collection of partitioned groups can be defined by a m X n 

binary membership matrix U, where the element ue is 1 if the jh data point X, 

belongs to group i, and 0 otherwise. Once the cluster centers c; are fixed, the 

value of uii can be computed using the expression, 

2 i f  X ,  j I / ~ ~ - ~ l l ~ , f o r e a c h k + i ,  
........ u.. = 

!l 7.3 
0 otherwise 

where i = l, .  ..... , m 

j =  l ,  ....... nand k l m  



That is, X, belongs to group i if ci is the closest centre among all 

centers. Since a given data point can only be in a group, the membership 

matrix U has the following properties: 

m 
Eui i  = l ,  j = l ,  n and 
i=l 

If uii is fixed, then the optimal cluster centre ci that minimize the cost 

function in equation (7.1) is computed by finding the mean of all vectors in 

group i given by the expression, 

where I Gi I is the size of Gi, or 

For a batch-mode operation, the c-Means algorithm is presented with a 

data set X,, i = 1,. . . ., n; the algorithm determines the cluster centers ci, and the 

membership matrix U iteratively using the following steps. 

Step 1 : Initialize the cluster centers c, , i = 1,. . . ., m. This is typically achieved 

by randomly selecting m points from among all of the data points. 

Step 2: Determine the membership matrix U using the equation (7.3). 



Step 3: Compute the cost function according to equation (7.2). Stop if either it 

is below a certain tolerance value or its improvement over previous 

iteration is below a certain threshold. 

Step 4: Update the cluster centers according to equation (7.4). Go to step 2. 

Finally in the recognition stage an unknown pattern x is compared with 

each final cluster centers obtained by applying the above procedure. The 

cluster l with minimum distance from the unknown pattern X is found out by 

the given expression, 

X E  l if 11 X-C/  1 1 2 <  /I X-c ;  112 
for all i =  1,2 ...., m ,  i f  l 

The following section describes the simulation of the above algorithm 

along with the recognition results obtained for handwritten character patterns. 

7.2.2 Simulation Experiments and Results 

The recognition experiment is conducted by simulating the above 

algorithm using MATLAB. The State-Space Point Distribution (SSPD) 

parameters extracted from the gray-scale character images as discussed in 

chapter 5, Z-VD features and FZ-NVD features extracted as explained in 

chapter 6 are used for recognition purpose. Here we used a set of 15,752 

samples of the forty four Malayalam handwritten characters collected from 

358 writers for iteratively computing the final cluster centers and a disjoint set 

of character patterns of same size from the database for recognition purpose. 



The recognition accuracies of forty four Malayalam handwritten characters 

based on the above said three features using c-Means clustering technique are 

given in Table 7.1. The graphical representation of these recognition results 

based on different features using c-Means clustering technique is shown in 

figure 7. l (a-d). 

The recognition results indicate the credibility of the extracted features 

on the basis of clusters that can be formed with the help of an unsupervised 

learning process. The forty four cluster centers formed from the training set 

show that the extracted features are good enough to distinguish the character 

patterns from one another. The overall recognition accuracies obtained for the 

forty four Malayalam characters using c-Means clustering technique based on 

SSPD, Z-VD and FZ-NVD features are 64.148%, 67.426% and 69.001% 

respectively. 

The alternative classifier used in this study is the well-known non- 

parametric k-Nearest Neighbour statistical classifier. The following section 

describes the recognition experiments performed using the above said features 

and k-NN classifier. 
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19 

20 

2 1 

22 

Table 7.1 Recognition accuracies of forty four basic Malayalam 
handwritten characters based on SSPD, &VD, FZ-NVD features using 

c-Means clustering technique 

Character 

% [-aahl 

2 [-yi l 
2 [ -uh l 
e [ -em1 

a [ -eh l 
4 3  r -=h1 

63 [ -oh ] 

6 Ekal 

6-u [ l 
[ s a l  

[ ghal 

m [ nga ] 

[ cha ] 

m [chha ] 

a [ j a  l 
m[ jha ] 

m C n j a 1  

S [ t a ]  

O[ tta] 

w [ d a I  

W [dda ]  

Recognition Accuracy (%) 
- 

SSPD Feature 

59.49 

84.35 

68.99 

61.45 

82.12 

79.32 

64.53 

80.16 

63.69 

70.1 1 

65.36 

69.83 

58.66 

69.55 

6 1.45 

76.25 

75.69 

58.49 

59.78 

78.49 

64.80 

Z-VD Feature 

60.05 

77.09 

68.44 

64.80 

84.63 

65.64 

79.33 

74.58 

67.04 

84.92 

67.59 

74.46 

65.36 

69.83 

59.78 

76.53 

80.17 

68.16 

59.49 

79.89 

56.70 

FZ-NVD Feature 

64.25 

79.89 

71.51 

65.64 

84.07 

70.95 

79.89 

75.41 

72.62 

85.47 

71.78 

79.6 1 

67.79 

69.83 

62.57 

79.33 

79.61 

59.49 

62.45 

80.45 

59.78 



Table 7.1 Recognition accuracies of forty four basic Malayalam 
handwritten characters based on SSPD, Z-VD, FZ-NVD features using 

c-Means clustering technique 

Character 
Number 

23 

24 

25 

26 

2 7 

2 8 

29 

30 

3 1 

3 2 

33 

34 

35 

36 

3 7 

3 8 

3 9 

40 

4 1 

42 

43 

44 

Average 
accuracy (%) 

Character 

m[ nha 1 
[ tha 1 

ID [ thha] 

n [dha]  

w [dhha ] 

m [nal 

[ p a l  

no [ ~ h a l  

m [ b a ]  

n [ bha] 

[ m a l  

0 [ y a l  

@ [raj 

[ l a l  

[ v a l  

m [ sha]  

~ [ s h h a  ] 

mu [ s a l  

f i  [ h a ]  

2 l lha 1 
9 [ zha ] 

o [ rha ] 

Recognition 

SSPD Feature 

55.02 

52.5 1 

72.62 

65.36 

8 1.56 

62.01 

54.47 

79.05 

54.45 

51.13 

50.28 

43.57 

78.49 

41.89 

63.12 

62.84 

53.35 

45.58 

51.1 1 

50.28 

55.03 

69.71 

64.14818 

Recognition Accuracy 

Z-VD Feature 

67.32 

55.86 

83.24 

66.48 

75.41 

64.25 

58.66 

54.75 

59.78 

82.12 

54.47 

48.60 

65.92 

68.60 

82.68 

5 1.39 

54.47 

67.88 

69.83 

53.35 

57.82 

52.5 1 

67.4259 1 

(%) 

FZ-NVD Feature 

72.91 

58.37 

84.63 

70.95 

78.49 

69.55 

69.49 

57.82 

65.08 

83.24 

55.59 

5 1.67 

65.92 

53.35 

64.34 

55.86 

58.10 

67.60 

71.79 

55.59 

59.22 

54.75 

69.001 82 



Figure 7.1 (a) 
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Figure 7.l(b) (Continued) 
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Figure 7.l(c) 
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Figure 7.l(a-d) Recognition accuracies of forty four Malayalam 
handwritten characters using SSPD, %VD and FZ-NVD features using 

c-Means clustering 
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7.3 Statistical Pattern Classification 

In the statistical pattern classification process, each pattern is 

represented by a d dimensional feature vector and it is viewed as a point in the 

d-dimensional space. Given a set of training patterns from each class, the 

objective is to establish decision boundaries in the feature space which 

separate patterns belonging to different classes. The recognition system is 

operated in two phases, training (learning) and classification (testing). The 

following section describes the pattern recognition experiment conducted for 

the recognition of forty four basic Malayalam handwritten characters using 

k-NN classifier. 

7.3.1 k-Nearest Neighbour Classifier for Handwritten Pattern 

Recognition 

Pattern classification by distance hnctions is one of the earliest 

concepts in pattern recognition [Tou.J.T and Gonzalez.R.C, 19741, 

[Friedman.M. and Kandel.A, 19991. Here the proximity of an unknown 

pattern to a class serves as a measure of its classification. A class can be 

characterized by single or multiple prototype pattern(s). The k-Nearest 

Neighbour method is a well-known non-parametric classifier, where a 

posteriori probability is estimated from the frequency of nearest neighbours of 

the unknown pattern. It considers multiple prototypes while making a 

decision and uses a piecewise linear discriminant function. Various pattern 

recognition studies with first-rate performance accuracy are also reported 



based on this classification technique [Ray A.K. and Chatterjee B, 19841, 

[Zhang.B and Srihari.S.N, 20041, [Pernkopf.F, 20051. 

Consider the case of m classes c ,  i =l,. . ..., m and a set of N samples 

patterns yi. i = I,. . . , N whose classification is a priory known. Let x denote an 

arbitrary incoming pattern. The nearest neighbour classification approach 

classifies x in the pattern class of its nearest neighbour in the set yi, 

i =  l ,....., N i.e., 

If I( x - yj [l2 = rnin 11 X - yi ]l2 where l S i S N 

then x E: c,. 

This scheme can be termed as I-NN rule since it employs only one 

nearest neighbour to x for classification. This can be extended by considering 

the k nearest neighbours to x and using a majority-rule type classifier. The 

following algorithm summarizes the classification process. 

Algorithm: Minimum distance k-Nearest Neighbour classifier 

Input: N - number of pre-classified patterns 

m - number of pattern classes. 

(ji, ci), 15 i 5 N - N ordered pairs, where yi is the ith pre-classified 

pattern and ci it's class number ( 12 ci < m for all i ). 

k - order of NN classifier (i.e. the k closest neighbours to the 

incoming patterns are considered). 

x - an incoming pattern. 



Output: L - class number into which x is classified. 

Step 1: S e t s =  {(vi,ci)),where i = l ,  ..., N 

Step 2: Find h, cj) E: S which satisfies 

11 x -$ [ l 2  = min 11 x -yi 112 where l S i S m 

Step 3: If k = 1 set L = c, and stop; else initialize an 

m -dimensional vector I 

I ( i f ) = O ,  i f #  c,; [(c,)= l where l I i f S m a n d  

set S = S - { (v,, c,) } 

Step 4: For io = 1,. . . ., k- l do steps 5-6 

Step 5: Find W,, c,) E S such that 

2 ~ l x - ~ l l ~ = m i n I l x - y ~ I I  w h e r e l I i S N  

Step 6: Set I(c,) = I(cj) + l and S = S -( h, cj) >. 

Step 7: Set L = max {I(i ') ), 1 I i' S m and stop. 

In the case of k-Nearest Neighbour classifier, we compute the distance 

of similarity between the features of a test sample and the features of every 

training sample. The class of the majority among the k - nearest training 

samples is deemed as the class of the test sample. 

7.3.2 Simulation Experiments and Results 

The recognition experiment is conducted by simulating the above 

algorithm using MATLAB. The State-Space Point Distribution (SSPD) of the 

gray-scale character images extracted as discussed in Chapter 5, Z-VD 



features and FZ-NVD feature extracted as explained in chapter 6 are used in 

the recognition study. Here also we used the same set of 15,752 samples of 

the forty four Malayalam handwritten characters collected from 358 writers 

which are employed in the previous experiment for training and a disjoint set 

of character patterns of same size from the database for recognition purpose. 

The recognition accuracies obtained for the forty four basic Malayalam 

handwritten characters using the above said features using k-NN classifier are 

tabulated in Table 7.2. The graphical representation of these recognition 

results based on different features using k-NN classifier is shown in 

figure 7.2 (a-d) 

The overall recognition accuracies obtained for the forty four 

Malayalam characters using k-NN classifier and SSPD, ZVD, and F -ZNVD, 

features are 7 1.606%, 73.102% and 75 .8 19% respectively. The recognition 

results are found better than the previous experiment conducted using 

c-Means clustering technique. These two algorithms do not fully 

accommodate the small variations in the extracted features. These results 

spec@ the need of improving the classification algorithm for large class 

pattern classification problems. In the next section we present a recognition 

study conducted using class modular neural network that is capable of 

adaptively accommodating the minor variations in the extracted features. 
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Character 
Number 

Table 7.2 Recognition accuracies of forty four basic Malayalam 
handwritten characters based on SSPD, %VD, FZ-NVD features using 

A-NN classifier 

Character 

97.77 
p- 

65.92 

87.16 

77.37 

69.83 

89.94 

84.64 

85.75 

79.61 

78.49 

94.41 

75.4 1 

77.65 

82.40 

77.93 

75.97 

80.16 

80.44 

61.45 

66.76 

93.78 

67.88 

1 86.59 96.92 

(%) 

FZ-NVD Feature 

Recognition Accuracy 
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11 
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15 

16 

17 

18 

19 

20 

2 1 

22 

SSPD Feature Z-VD Feature 
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2 C-yi l 
2 [-AI 

e4 [ -eru l 
a [ -eh l 
43 C -aehl 

63 [ -oh ] 

[ k a l  

m [ kha] 

m [ g a l  

"er [ ghal 

E "gal 

a [cha]  

m [chha ] 

[ j a l  

mEjha  1 
m [ n j a l  

S P a l  

01 tta l 
o [ d a l  

rw [ dda ] 

60.61 

96.64 

73.46 

65.36 

86.3 1 

80.45 

66.20 

93.02 

70.95 

72.62 

7 1.23 

77.09 

64.25 

7 1.23 

70.67 

79.32 

80.45 

61.45 

59.50 

91.06 

73.12 

64.25 

85.47 

76.26 

66.20 

87.43 

72.90 

82.40 

75.41 

73.74 

94.97 
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77.09 
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75.41 
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81 .OO 

82.12 

66.76 

67.32 

92.17 
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Table 7.2 Recognition accuracies of forty four basic Malayalam 
handwritten characters based on SSPD, ZVD, FZNVD features using 

A-NN classifier 

Character 
Number 

23 

24 

25 

26 

2 7 

2 8 

29 

30 

3 1 

3 2 

33 

3 4 

3 5 

36 

37 

3 8 

3 9 

40 

4 l 

42 

4 3 

44 

Average 

Character 

m[ nha ] 

rm [ tha ] 

UI [ thha] 

o [ dha ] 

w [dhha ] 

m [nal 

[ p a l  

pha] 

m [ b a l  

13 [ bha] 

[ m a l  

[ Y ~ I  

[ral 

er [ l a ]  

[ v a l  

cra [ sha ] 

n4l [shha ] 

m [ s a l  

afl [ h a ]  

2 [ lhal 

Y [ zha ] 

o [ rha]  

Recognition 
accuracy (%) 

(%) 

FZ-NVD Feature 

84.63 

70.39 

86.59 

79.05 

89.38 

81.84 

68.16 

67.04 

70.67 

85.75 

64.53 

67.04 

71.23 

60.01 

89.66 

63.4 1 

62.20 

67.32 

76.54 

58.66 

62.29 

58.94 

75.8 1932 

SSPD Feature 

65.64 

64.80 

89.38 
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85.20 

74.30 

67.04 

85.47 
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63.40 

58.10 
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55.3 1 

67.40 

65.08 

59.36 

58.38 

57.82 

54.47 

59.22 
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71.60614 

Recognition Accuracy 

Z-VD Feature 

73 .OO 

64.53 

85.47 

76.54 

89.38 

74.30 

67.04 

65.36 

64.53 

85.75 

63.41 

58.66 

67.04 

54.47 

86.03 

58.94 

59.50 

65.36 

74.30 

55.03 

59.78 

57.5 1 

73.10182 



Figure 7.2(a) 
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Figure 7.2(a-d) Recognition accuracies of forty four Malayalam 
handwritten characters using SSPD, Z-VD and FZ-NVD features using 

k-NN classifier 
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7.4 Class-modular Neural Network for Handwritten Character 

Recognition 

In recent years, neural networks have been successfully applied in 

many of the pattern recognition and machine learning systems [Ripley.B.D, 

19961, [Haykin.S, 20041, [Simpson.P.K, 19901. These models are composed 

of a highly interconnected mesh of nonlinear computing elements, whose 

structure is drawn from analogies with biological neural systems. Since the 

advent of Feed Forward Multi Layer Perception (FFMLP) and error- 

backpropagation training algorithm great improvements in terms of 

recognition performance and automatic training have been achieved in the 

area of character recognition [Looney.C.G, 19971. Specifically they have been 

used effectively in recognition of handwritten numerals and letters which 

comprise a large variation in writing styles [Suen.C.Y et al., 19921, 

[Srikantan.G et al., 19961, [Cho.S.B, 19971, [Oh.I.-S. and Suen.C.Y, 19981. 

However, there is an impractical side in directly using these architecture for 

recognition purpose due to the large number of classes, especially in the 

recognition of unconstrained handwritten characters of languages with large 

character sets like Chinese, Korean and most of the Indian languages 

including Malayalam [Song.H.-H and Lee.S.-W., 19981, [Mui.L et al., 19941. 

To overcome this limitation, in the present study, we used a class-modular 

architecture suitable for the classification module using FFMLP for the 

recognition of forty four Malayalam handwritten characters [Oh.I.-S. and 



Suen.C.Y, 20021. The following sections deal with the recognition 

experiments conducted based on the class-modular feed-forward neural 

network for handwritten Malayalam characters. A brief description about the 

diverse use of neural networks in pattern recognition followed by the general 

ANN architecture is presented first. In the next section the error- 

backpropagation algorithm used for training class-modular FFMLP is 

illustrated. The Final section deals with the class-modular neural network 

architecture used for the handwritten pattern classification studies followed by 

the description of simulation experiments and recognition results. 

7.4.1 Neural Networks for Pattern Recognition 

Artificial Neural Networks (ANN) can be most adequately 

characterized as computational models with particular properties such as the 

ability to adapt or learn, to generalize, to cluster or organize data, based on a 

massively parallel architecture. The history of ANNs starts with the 

introduction of simplified neurons in the work of McCulloch and Pitts 

[McCulloch.W.S and Pitts. W, 19431. These neurons were presented as models 

of biological neurons and as conceptual mathematical neurons like threshold- 

logic devices that could perform computational task. The work of Hebb 

further developed the understanding of this neural model lHebb.D.0, 19491. 

Hebb proposed a qualitative mechanism describing the process by which 

synaptic connections are modified in order to reflect the learning process 

undertaken by interconnected neurons, when they are influenced by some 



environmental stimuli. Rosenblatt with his perceptron model, further 

enhanced our understanding of artificial learning devices [Rosenblatt.F., 

19591. However, the analysis by Minsky and Papert in their work on 

perceptrons, in which they showed the deficiencies and restrictions existing in 

these simplified models, caused a major set back in this research area [Minsky 

.M.L and Papert.S.A., 19881. ANNs attempt to replicate the computational 

power (low level arithmetic processing ability) of biological neural networks 

and, there by, hopehlly endow machines with some of the (higher-level) 

cognitive abilities that biological organisms possess. These networks are 

reputed to possess the following basic characteristics: 

Adaptiveness: the ability to adjust the connection strengths to 

new data or information 

Speed : due to massive parallelism 

Robustness: to missing, confusing, and/ or noisy data 

Optimality: regarding the error rates in performance 

Several neural network learning algorithms have been developed in the 

past years. In these algorithms, a set of rules defines the evolution process 

undertaken by the synaptic connections of the networks, thus allowing them 

to learn how to perform specified tasks. The following sections provide an 

overview of neural network models and discuss in more detail about the 

learning algorithm used in classifying the handwritten characters, namely the 

Back-propagation (BP) learning algorithm. 



7.4.2 General ANN Architecture 

A neural network consists of a set of massively interconnected 

processing elements called neurons. These neurons are interconnected 

through a set of connection weights, or synaptic weights. Every neuron i has 

Ni inputs, and one output Yi. The inputs labeled S;,, si2, . .., S;N; represent 

signals coming either from other neurons in the network, or from external 

world. Neuron i has Ni synaptic weights, each one associated with each of the 

neuron inputs. These synaptic weights are labeled W;,, wiz, ..., wiNi, and 

represent real valued quantities that multiply the corresponding input signal. 

Also every neuron i has an extra input, which is set to a fixed value$, and is 

referred to as the threshold of the neuron that must be exceeded for there to be 

any activation in the neuron. Every neuron computes its own internal state or 

total activation, according to the following expression, 

where M is the total number of Neurons and Ni is the number of inputs to each 

neuron. Figure 7.3 shows a schematic description of the neuron. The total 

activation is simply the inner product of the input vector Si= [siO, sil, . . ., siN;] T 

by the weight vector K = [ws, wil,.. .wiNilT. Every neuron computes its output 

according to a function Yi = fixi), also known as threshold or activation 

function. The exact nature off will depend on the neural network model under 

study. 



Figure 7.3 Simple neuron representation 

In the present study, we use a mostly applied sigmoid function in the 

thresholding unit defined by the expression, 

This function is also called S-shaped function. It is a bounded, 

monotonic, non-decreasing function that provides a graded non-linear 

response as shown in figure 7.4. 

Figure 7.4. Sigmoid threshold function 



The network topology used in this study is the feed forward network. 

In this architecture the data flow from input to output units strictly feed- 

forward, the data processing can extend over multiple layers of units but no 

feed back connections are present. 

This type of structure incorporates one or more hidden layers, whose 

computation nodes are correspondingly called hidden neurons or hidden 

nodes. The function of the hidden nodes is to intervene between the external 

input and the network output. By adding one or more layers, the network is 

able to extract higher-order statistics. The ability of hidden neurons to extract 

higher-order statistics is particularly valuable when the size of the input layer 

is large. The structural architecture of the neural network is intimately linked 

to the learning algorithm used to train the network. In this study we used 

Error Back-propagation learning algorithm to train the input patterns in the 

multilayer feed forward neural network. The detailed description of the 

learning algorithm is given in the following section. 

7.4.3 Back-propagation Algorithm for Training Feed-Forward Multi 

Layer Perceptron (FFMLP) 

The back propagation algorithm (BP) is the most popular method for 

neural network training and it has been use to solve numerous real life 

problems. In a multi layer feed forward neural network BP performs iterative 

minimization of a cost function by making weight connection adjustments 



according to the error between the computed and desired output values. 

Figure 7.5 shows a general three layer network. 

Output 
I3puts 

Figure 7.5. A general three layer network 

The following relationships for the derivation of the back-propagation hold: 

l 
Ok = 

l + e  - net, 



The cost function (error function) is defined as the mean square sum of 

differences between the output values of the network and the desired target 

values. The following formula is used for this error computation, 

where p is the subscript representing the pattern and k represents the 

output units. In this way, tpk is the target value of output unit k for pattern 

p and opk is the actual output value of layer unit k for pattern p. During the 

training process a set of feature vectors corresponding to each pattern class is 

used. Each training pattern consists of a pair with the input and corresponding 

target output. The patterns are presented to the network sequentially, in an 

iterative manner. The appropriate weight corrections are performed during the 

process to adapt the network to the desired behavior. The iterative procedure 

continues until the connection weight values allow the network to perform the 

required mapping. Each presentation of whole pattern set is named an epoch. 

The minimization of the error function is carried out using the 

gradient-descent technique. The necessary corrections to the weights of the 

network for each iteration n are obtained by calculating the partial derivative 

of the error function in relation to each weight w,k, which gives a direction of 

steepest descent. A gradient vector representing the steepest increasing 

direction in the weight space is thus obtained. Due to the fact that a 

minimization is required, the weight update value Aw,k uses the negative of 



the corresponding gradient vector component for that weight. The delta rule 

determines the amount of weight update based on this gradient direction along 

with a step size, 

The parameter represents the step size and is called the learning 

rate. The partial derivative is equal to, 

The error signal 6k is defined as, 

so that the delta rule formula becomes: 

For the hidden neuron, the weight change of w y  is obtained in a similar 

way. A change to the weight, W ,  changes o, and this changes the inputs into 

each unit k, in the output layer. The change in E with a change in wg is 

therefore the sum of the changes to each of the output units. The change rules 

produces: 



So that defining the error 6j as: 

we have the weight change in the hidden layer is equal to: 

The & for the output units can be calculated using directly available 

values, since the error measure is based on the difference between the desired 

output tk and the actual output ok However, that measure is not available for 

the hidden neurons. The solution is to back-propagate the 6k values, layer by 

layer through the network, so that finally the weights are updated. 

A momentum term was introduced in the back-propagation algorithm 

by Rumelhart [Rumelhart.D.E. et al., 19861. Here the present weight is 

modified by incorporating the influence of the passed iterations. Then the 

delta rule becomes 

aE 
Awij (n) = -v - + aAwij (n - 1) 

jk 



where a is the momentum parameter and determines the amount of influence 

from the previous iteration on the present one. The momentum introduces a 

damping effect on the search procedure, thus avoiding oscillations in irregular 

areas of the error surface by averaging gradient components with opposite 

sign and accelerating the convergence in long flat areas. In some situations it 

possibly avoids the search procedure from being stopped in a local minimum, 

helping it to skip over those regions without performing any minimization 

there. Momentum may be considered as an approximation to a second-order 

method, as it uses information from the previous iterations. In some 

applications, it has been shown to improve the convergence of the back- 

propagation algorithm. 

In the present study since the output class number is considerably 

large, a class-modular concept is incorporated with the above given FFMLP 

architecture with error Backpropagation algorithm. The following section 

describes the architecture and implementation details of the proposed system 

designed for the recognition of forty four Malayalam handwritten characters. 

7.4.4 Class-modular Neural Network Architecture and Training 

Strategies 

Modularity is an essential concept, which is supposed to be 

incorporated appropriately in the design of systems for diverse application 

areas of science and engineering. In the traditional non-modular neural 

network architecture, one large network is used to implement a system which 



discriminates the input samples into one of k class regions in a high- 

dimensional feature space. Determining the optimal decision boundaries in 

the k-classification module for 44-class Malayalam handwritten character 

recognition in a high-dimensional feature space is very complex. So it 

inevitably poses the very complex problem from both mathematical and 

perceptual viewpoints of determining the optimal decision boundaries, for all 

the classes involved in a common high-dimensional feature space. This 

seriously limits the recognition performance of the MLP system. 

In order to overcome the above problem a class modularity concept 

suitable for the classification module using FFMLP is used in the present 

study. In this model, the original k-classification problem is decomposed into 

k 2-classification sub problems, each of which discriminates a class from the 

other k-l classes. A 2-classification problem is then solved by the 2-classifier 

specifically designed for the corresponding class. Here the k 2-classifiers 

solve the original k-classification problem co-operatively and the class 

decision module integrates the outputs from the k 2-classifiers. Figure 7.6 

shows the FFMLP architecture used for this k 2-classifier. The modular 

FFMLP classifier consists of k sub networks, Mwi for OF i < k, each 

responsible for one of the k classes. In the present experiment k = 44 where 

each k represents a character to be recognized. The specific task of Mwi is to 

classify the patterns into two groups, Q. and Q1 where 520 = {U,)  and 



9, = ( W, I 05 j < k and j # i }. Here we can design the architecture of MW; in 

the same way as the conventional non-modular FFMLP. 

Each subnet M,; is designed with one input layer, one hidden layer and 

one output layer. These three layers are fully connected. The input layer has d 

nodes to accept the d-dimensional feature vector. The output layer has two 

nodes, denoted by O0 and O1 corresponding to the classes L& and 9, 

respectively. The number of hidden layers and number of nodes in each 

hidden layer are fixed by the trial and error experiments. The architecture for 

the entire network constructed by k sub-networks is shown in figure 7.7 

Fig. 7.6 The sub-network, Mwi, architecture used in 

class-modular FFMLP 



Decision 

Figure 7.7 The whole network architectures for the class-modular 

FFMLP 

The feature vectors extracted for each character image is applied to the 

input layer of every sub network corresponding to each class. Then each sub- 

network Mmi calculates the forward process using its own weight set to 

produce an output vector D = (Oo, 01) and the final decision vector is 

constituted using O0 only. 

In the training phase each of k 2-classifeirs is trained independently of 

the other classes. The error-backpropagation algorithm is applied to each of 

2-classifiers in the same way as the conventional FFMLP. The training set is 

prepared separately for each of k 2-classifieres. To train 2-classifier for class 

0, , we organize the samples in the training set into two groups, Zno and Znl, 

such that Zao has the samples from classes in Qo, and Znl has the samples from 

classes in Q1. i.e., 



After preparing the training set for class wi, forward and backward 

computation processes are applied to train Mmi. Note that each class uses the 

same mathematical expression to estimate the values of its weight sets, A"' 

and BWC. Forward pass for a 2-classifier of the class c where 0 < c < k is given 

below. 

y j = f  x a f i x i  for O z j < m ,  ( 1  ) 

In the backward pass the following computation processes are 

executed. 



When training cycles are completed for all the classes, the training 

process terminates and then the k final weight sets and B'"' for 0 < c < k 

are saved. These final weight sets are used in the recognition stage. In order to 

recognize an unknown input character pattern, the class decision module takes 

only the values of O0 and uses the winner-takes-all scheme to determine the 

final class. 

7.4.5 Simulation Experiments and Results 

Present study investigates the recognition capabilities of the above 

explained class modular FFMLP-based Malayalam handwritten character 

recognition system. For this purpose the multilayer feed forward neural 

network with class-modular architecture is simulated with the 

Backpropagation learning algorithm. A constant learning rate, 0.1, is used. 

The initial weights are obtained by generating random numbers ranging from 

0.1 to 1. The number of nodes in the input layer is fixed according to the 

feature vector size. Since each sub-network produces two output vectors the 

number of nodes in the output layer is fixed as 2 in each case. The recognition 

experiment is repeated by changing the number of hidden layers and number 

of nodes in each hidden layer. After this trial and error experiment, the 

number of hidden layers is fixed as one and the number of nodes in the hidden 

layer is set to eighteen for obtaining the successful architecture in the present 

study. 



After initiating the training, the Mean-Square-Errors (MSE) at the 

output layers of k 2-classifiers is monitored separately in order to determine 

the termination of training. The training process is terminated when the MSE 

is less than cl ,  or the most recent n epochs produce the MSE less than c2 on 

the average or the number of epochs exceeds T. The error tolerances cl is 

fixed as 0.0 1, c2 as 0.1 and number of epochs T as 10,000 as it was found 

optimum by trial and error experiment. 

The network is trained using the SSPD feature extracted from the 

gray-scale images, Z-VD and FZ-NVD features modeled from the 

pre-processed images of the Malayalam handwritten characters separately. 

Here we used a set of 15,752 samples of the forty four Malayalam 

handwritten characters collected from 358 writers for iteratively computing 

the final weight matrix and a disjoint set of character patterns of same size 

from the database for recognition purpose. The final output after a successful 

epoch is given below. 

---- > a v e r a g e  e r r o r  p e r  c y c l e  = 0 . 0 4 2 9 6 4  <--- 

---- >error  l a s t  c y c l e  = 0 . 0 0 9 8 6 9  c--- 

---- > e r r o r  l a s t  c y c l e  p e r  p a t t e r n =  0 . 0 0 6 4 7 4  <- 

- - - - - - - - - - -W > t o t a l  e p o c h s  = 7 3 0 2  <--- 

- -W-- - - - - - - -  > t o t a l  p a t t e r n s  = 1 0 5 0 4 1  c--- 



The recognition accuracies obtained for the forty four basic Malayalam 

handwritten characters based on above said features using class-modular 

neural network classifier are tabulated in Table 7.3. The graphical 

representation of these recognition results based on different features using 

class-modular neural network as shown in figure 7.8(a-d) 

(Continued) 

Character 
Number 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
2 1 
22 

Table 7.3 Recognition accuracies of forty four basic Malayalam 
handwritten characters based on SSPD, Z-VD, FZ-NVD features using 

class-modular neural network 

Character 

m [-ah] 
[-aahl 

2 C - Y ~  1 
2 [ -uh 1 
8 1 -em 1 
43 [ -eh 1 
4 [ 
63 [ -oh ] 

h [ k a l  
6l.J [ khal 

Q [ ghal 
[ nga 1 

a [ cha ]  
m [chha ] 

a [ j a l  
~ C j h a  l 
m [ n j a l  

S [ t a l  
a ttal 

(UJCda] 
cus [ dda ] 

(%) 
FZ-NVD 
Feature 
98.32 
69.55 
87.71 
79.61 
75.14 
93.58 
87.15 
88.27 
79.05 
82.12 
95.25 
75.41 
82.40 
82.96 
79.61 
76.82 
87.99 
89.38 
72.62 
74.86 
95.25 
74.02 

SSPD Feature 

79.89 
62.45 
98.04 
76.82 
64.25 
87.99 
86.59 
75.41 
94.97 
75.4 1 
77.37 
74.02 
78.2 1 
69.83 
75.4 1 
74.30 
82.96 
84.08 
65.08 
68.44 
92.17 
67.04 

Recognition Accuracy 
2-VD 

Feature 
98.04 
64.25 
86.59 
77.09 
68.16 
88.27 
75.41 
87.15 
76.53 
75.58 
94.69 
76.25 
78.77 
82.2 1 
78.21 
75.14 
83.52 
81.56 
67.04 
69.27 
94.13 
67.3 1 



Table 7.3 Recognition accuracies of forty four basic Malayalam 
handwritten characters based on SSPD, Z-VD, FZ-NVD features using 

class-modular neural network 

Character 
Number 

23 

24 

25 

26 

27 

28 

29 

3 0 

3 1 

3 2 

33 

34 

35 

3 6 

37 

38 

39 

40 

4 1 

42 

43 

44 

Average 
accuracy (%) 

Character 

an [ nha ] 

ccn [ tha ] 

LO [ thha] 

o [dha ]  

cu [dhha ] 

m [nal 

.J [ p a l  

nfl C pha] 

s r r ~  [ b a l  

n [ bha] 

[[a] 

a [ ~ a ]  

(a [raj 

[ l a l  

[ v a l  

m [ sha ] 

d[shha ] 

mJ [ s a l  

f i  [ h a ]  

2 [ lha l 
9 [ zha ]  

o [ rha ] 

Recognition 

SSPD Feature 

67.04 

58.94 

89.38 

75.98 

86.03 

73.74 

67.60 

84.64 

67.04 

64.80 

57.82 

50.56 

86.59 

53.07 

67.32 

67.88 

62.57 

54.44 

63.13 

58.10 

63.97 

75.14 

73.03386 

Recognition Accuracy 

Z-VD Feature 

76.26 

65.08 

89.38 

80.45 

89.11 

89.38 

69.83 

69.55 

64.53 

87.15 

65.36 

65.64 

67.04 

62.0 1 

88.83 

59.49 

64.25 

67.04 

75.41 

60.05 

65.64 

58.66 

75.57523 

(G) 

FZ-NVD Feature 

85.47 

74.30 

87.43 

80.72 

89.38 

85.75 

68.77 

72.62 

75.41 

87.43 

67.04 

68.99 

72.62 

64.25 

90.78 

64.80 

67.04 

68.44 

78.21 

62.29 

65.64 

67.58 

78.87 182 



Figure 7.8(a) 
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Figure 7.8(b) (Continued) 
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Figure 7.8(a-d) Recognition accuracies of forty four Malayalam 
handwritten characters using SSPD, Z-VD and FZ-NVD features using 

class-modular neural network 



The recognition accuracies on the basis of performance of the 

classifiers used in this study and the recognition results obtained using 

different features with three different classifiers are compared and analyzed. 

Figure 7.9(a-b) shows the recognition accuracies obtained for forty four 

Malayalam handwritten characters using SSPD features and three different 

classifiers. Figure 7.10 (a-b) shows the recognition accuracies obtained for 

forty four Malayalam handwritten characters using Z-VD features and the 

three different classifiers. The recognition accuracies obtained for forty four 

Malayalam handwritten characters using FZ-NVD features and the three 

different classifiers including c-Means clustering, k-NN classifier and Class- 

modular artificial neural network classifier are shown in Figure 7. l l(a-b). 

From the above classification experiments, the overall highest 

recognition accuracy (78.87%) is obtained for the FZ-NVD features using 

class-modular FFMLP. Compared to the recognition results, obtained using 

c-Means clustering (69.00 %) and k-NN classifier (75.82%) based on FZ-NVD 

feature, the class-modular neural network gives better performance. These 

results indicate that, for large class pattern recognition problems the 

connectionist model based learning is more adequate than the existing 

statistical classifiers and clustering algorithms. 
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Figure 7.9(b) 

Figure 7.9 (a-b) Recognition accuracies of forty four Malayalam 
handwritten characters based on SSPD features and 

three different classifiers 
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Figure 7.10(b) 

Figure 7.10 (a-b) Recognition accuracies of forty four Malayalam 
handwritten characters based on %VD features and 

three different classifiers 
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Figure 7.11 (a-b) Recognition accuracies of forty four Malayalam 
handwritten characters based on FZ-NVD features and 

three different classifiers 



7.5 Conclusions 

Handwritten character recognition studies based on the parameters 

developed in chapter 5 and 6 using different classifiers are presented in this 

chapter. The cluster analysis using the c-Means clustering technique is 

conducted and further the same technique is used for the recognition of 

character patterns. The credibility of the extracted parameters is also tested 

with the k-NN classifier. A connectionist model based recognition system by 

means of class-modular neural network is then implemented and tested using 

SSPD features extracted from the gray-scale images, Z-VD and FZ-NVD 

features extracted from the pre-processed character images. The highest 

recognition accuracy (78.87%) is obtained based on the FZ -NVD feature using 

class-modular FFMLP classifier. From the above analysis it can be concluded 

that FZ-NVD features using class-modular FFMLP give better results 

compared to the other parameters and the classifiers used. These results also 

specifL the need for improving the classification algorithm in order to fully 

accommodate the small variations present in the extracted features. To this 

end, FZ-NVD parameter is further used for developing a character recognition 

system with the help of a combined neuro-fuzzy classifier for better 

performance in the next chapter. 



CHAPTER 8 

ADAPTIVE NEURO-FUZZY INFERENCE 
SYSTEM FOR HANDWRITTEN 
CHARACTER RECOGNITION 

8.1 Introduction 

In chapter 7 we have investigated the credibility of different 

parameters introduced in this work, viz., SSPD, Z-VD and FZ-NVD by 

performing recognition experiments on the handwritten character database 

using c-Means clustering technique, k-NN classifier and class-modular neural 

network. The performance of the class-modular neural network classifier 

indicates not only the efficiency of the parameters introduced but also the 

relevance of connectionist model based classifiers in large class HCR 

problems. The recognition accuracies obtained in these experiments also 

reveal the need of an improved system that can effectively handle the large 

variations present in the handwritten samples caused by the individual writing 

styles. The best alternative suggested in this study is an adaptive network 

based fuzzy-in ference system. This architecture facilitates the judicial 

integration of the neural network (recognize patterns and adapt themselves to 

cope with the changing environments) and fuzzy inference systems 

(incorporate human knowledge and perform inference mechanism and 

decision making). Generation of a fkzzy-rule-set from the extracted feature 

vectors and the decision tree induction based pre-processing of the rule set for 



input space partitioning are carried out for enhancing the performance of the 

system. 

In real life applications, fuzzy rules are learned by humans from real 

data and facts. If it is assumed that the fundamental learning mechanism of 

human is some type of neural network, these fiizzy rules must then reside in 

the neural networks in brain. Although fuzzy logic and neural networks are 

generally viewed as different modeling ideas, recently successful attempts are 

made to incorporate fuzzy rules in neural networks. Fuzzy sets and fuzzy 

logic remain as a means for representing, manipulating and utilizing uncertain 

information and to provide a framework for handling uncertainties and 

imprecision associated with real world problems. Neural networks provide 

computational power, fault tolerance and learning capability to the systems. 

Significant research works in developing methods and models in fuzzy logic 

neural networks (neuro-fuzzy networks) have been carried out by Mamdani, 

Takagi, Sugeno and Kang [Mamdani.E.H and Assilian, 19751, [Takagi.T and 

Sugeno.M, 19851, [Sugeno.M and Kang.G.T, 19881, [Jang.J.-S.R, et al., 

20021. 

In this study, an effort is made to build a recognition system using the 

integrated and unified model of fuzzy logic and neural network architecture 

for Malayalam handwritten characters. For this purpose, the FZ-NVD features 

extracted from handwritten character patterns by fbzzy zoning method, as 

discussed in chapter 6 are fuzzified and IF ... THEN rule set is framed out. 



These rule set is pre-processed using the ID3 [Quinlan.J.R, 19861 decision 

tree induction procedure for preparing them for input space partitioning. 

These ID3 derived rules are then used for training the Adaptive Neuro-Fuzzy 

Inference System (ANFIS) [Jang.J.-S.R. et al., 19931. The recognition results 

show that this method is more efficient and can be adopted for developing a 

complete HCR system for Malayalam. This chapter is organized as two 

sections. The first section describes the procedure for generating the ID3 

driven fuzzy-rule set from the FZ-NVD feature vectors. The second section 

deals with the character recognition experiments performed on the basis of 

ANFIS. 

8.2 Construction of ID3 Driven Fuzzy-rule-set for Handwritten 

Character Recognition 

In general, learning (or any other parameter level adaptation 

methods) of an adaptive network based hzzy inference systems only deals 

with parameter identification. So we require methods for determining the 

initial system architecture (structure identification) before parameter tuning. 

The structure identification in fuzzy system modeling involves the following 

primary issues, viz., 

Selecting relevant input variables 

Determining an initial system architecture including 

1. Input space partitioning 

2. Number of membership functions (MFs) for each input 



3.  Number of fuzzy if... ..then rules 

4 .  Antecedent (premise) part of the rules. 

5. Consequent (conclusion) part of fuzzy rules 

Choosing initial parameters for MFs 

The following sub sections describe the methods used for generating 

the fuzzy-rule set from the extracted features followed by the ID3 decision 

tree induction procedure used in pre-processing these rules for preparing them 

for input space partitioning. 

8.2.1 Fuzzy-rule-set from the Feature Vectors 

Fuzzy rules and fuzzy reasoning are the backbone of fuzzy inference 

systems, which are the most important modeling tool based on fuzzy set 

theory. Numeric analysis approach of fuzzy system was first presented by 

Takagi and Sugeno [Takagi.T and Sugeno.M, 19851 and then a lot of studies 

have been made in this area [Amano.A and Arisuka.T, 19891, [Chen.M.-Y 

and Linkens.D.H, 20011, [Iyatomi.H and Hagiwara.M, 20021. The systems 

using fuzzy theory express rules or knowledge as i f . . .  ... then form. Even if 

they do not need mathematical analysis for modeling they need an appropriate 

model construction and parameter selection. In this work the fuzzy-zoning 

based FZ-NVD features extracted in chapter 6 are used for framing the 

fuzzy-rules. For this purpose each of the nine attributes of FZ-NVD feature 

vector is fuzzified. Fuzzy membership functions for representing the fuzzy 

sets SMALL, MEDIUM and LARGE are designed for this fuzzification 



process. The Gaussian membership function used for modeling these fuvy 

sets is given by the expression, 

f ( x , ~ , c )  = e -(X-c)'/ (2c2) 

where X is the input variable, a and c are constant parameters. The 

membership functions for the required fuzzy sets are constructed by the 

proper selection of the parameter set (a, c). We can adjust these parameters 

for varying the width and centre of the membership function. Here the fuzzy 

sets SMALL, MEDIUM and LARGE are modeled using the above Gaussian 

function by fixing the value of c as 0.25, 0.5 and 0.75 respectively. The value 

of a is fixed as 0.1 in all the three cases. 

Figure 8.1 illustrates the symmetric Gaussian membership functions 

modeled to represent the fuzzy sets SMALL, MEDIUM and LARGE defined 

by fix, 0.1, 0.25), f (X, 0.1, 0.5) and f (X, 0.1, 0.75). The FZ-NVD feature 

vectors extracted for forty four basic Malayalam handwritten characters are 

then converted into fbzzy rules. For this purpose the feature vectors are 

normalized to 0-1 range. The membership value for each attribute in the 

feature vector is found out using the membership functions corresponding to 

the fuzzy sets SMALL, MEDIUM and LARGE. The fuzzy membership 

function which gives maximum membership value for each attribute in the 

feature vector is identified. These attributes are then replaced with the fuzzy 

set corresponding to the highest valued membership function. The antecedent 



parts of hzzy rules are framed by this process and the class number (1 to 44) 

representing each character pattern is set as the consequent part of each rule. 

Gaussian MFs l -SMALL (X, 0.1, 0.25) 
2-MEDlUM (x,O. l, 0.5) 
3- LARGE (X, 0. l, 0.75) 

Figure 8.1 Gaussian membership functions representing the 
fuzzy sets SMALL, MEDIUM and LARGE 

8.2.2 Decision Tree Induction Based Pre-processing of Fuzzy-rule-set 

In a decision tree each branch node represents a choice between a 

number of alternatives, and each leaf node represents a classification or 

decision. The key idea of decision tree induction is to determine the attribute 

that best classifies the training data and then to use this attribute at the root of 

the tree. This process is repeated for each branch. Here we perform top-down, 

greedy search through the space of possible decision boundaries. The 

decision tree mechanism is transparent and we can easily follow a tree 



structure to explain how a decision is made. The decision trees are robust to 

classification errors and attribute errors in training data and can be used even 

if instances have missing attributes. This mechanism has been extensively 

used in machine learning [Hunt.E.B et al, 19661. In the present study, we used 

the decision tree induction procedure for pre-processing the rule set obtained 

in section 8.2.1 in order to make them suitable for input space partitioning. 

The purpose of this pre-processing is to reduce the rule set derived from the 

feature vectors into an optimum number of rules with maximum information 

about the class boundaries. Here we used the well-known ID3 decision tree 

induction procedure proposed by Quinlan [Quinlan.J.R, 19861 to perform this 

task. This algorithm is framed on the basis of information theory and uses 

Information Entropy and Gain to determine the most informative attribute in 

each stage. 

The fundamental premise of information theory is that the generation 

of information can be modeled as a probabilistic process that can be measured 

in a manner that agrees with intuition. In accordance with this supposition, a 

random event e that occurs with probabilityp (e) is said to contain 

1 
I (e)  = log - = - logp(e) 

P ( 4  

units of information. The quantity I (e) often is called the self-information 

of e. Generally, the amount of self-information attributed to event (e) is 



inversely related to the probability of e. If p (e) =l (that is, event always 

occurs), I (e) = 0 and no information is attributed to it. That is, because no 

uncertainty is associated with the event, no information would be transferred 

by communicating that event has occurred. The overall level of uncertainty 

(termed Entropy) is given by the expression, 

The ID3 family of decision tree induction algorithms use the concept 

of entropy and information gain based on the information theory to decide 

which attribute, shared by a collection of instances, is to be used to split the 

rule set. Attributes are chosen repeatedly in this way until a complete decision 

tree that classifies every input is obtained. The following section describes the 

information Entropy and Gain which are the main factors that determine the 

decision tree induction in the ID3 procedure. 

8.2.2.1 Entropy and Information Gain for Decision Tree Induction 

In order to define information gain precisely, we begin by defining a 

measure commonly used in information theory, called entropy. One 

interpretation of entropy from information theory is that it specifies the 

minimum number of bits of information needed to encode the classification of 

an arbitrary element of the training set S (i.e., a member of S drawn at random 

with uniform probability). The entropy of S relative to this classification is 

defined as, 



S : Starting data set 

c : Number of target classes 

pi : Proportion of examples in S belonging to target class i 

It is also noted that, if all instances in S belong to the same class, then 

E (S) = 0 and if S contains the same number of instances for each class, then 

E (S) = 1. The entropy thus obtained is used for finding the Information Gain. 

The Information Gain is defined as a measure of the effectiveness of an 

attribute in classieing the training data. It is simply the expected reduction in 

entropy caused by partitioning the examples according to this attribute. In 

general, the information gain, Gain (S, A )  of an attribute A,  relative to a 

collection of examples S, is defined as 

I sVI Gain (S, A )  = E(S) - - E (S,) 
v E Values ( A )  Is1 

Values (A) :  Set of all possible values of attribute A 

S,, : Subset of S for which A has value v 

I S I : Size of S 

I S, I : Size of S, 

The first term in the above expression is the entropy of the original 

collection of the input rules S and the second term is the expected value of the 



entropy after S is partitioned using attribute A. The expected entropy 

described by the second term is the sum of the entropies of each subset S,, 

weighted by the fraction of examples - I that belong to S,,. The Gain (S, A )  
I S /  

is therefore the expected reduction in entropy caused by knowing the value of 

attribute A. In other words, Gain (S, A )  is the information provided about the 

target function value, given the value of some other attribute A. In the 

infonnation theoretical view, it is the number of bits saved when encoding the 

target value of an arbitrary member of S, by knowing the value of attribute A. 

The succeeding section describes the implementation details of the ID3 

algorithm. 

8.2.2.2 Implementation of Decision Tree Induction Using ID3 Procedure 

In the ID3 algorithm an attribute is selected for each node of the tree. 

This selection is made by finding the attribute that is most useh1 for 

classifying examples. A good quantitative measure of the worth of an attribute 

is the statistical property called information gain. The information gain 

measures how well a given attribute separates the training examples according 

to their target classification. ID3 uses this Information Gain measure for 

selecting a particular candidate attribute at each step while growing the tree. 

As the first step, the attribute that has the highest information gain on 

the training set is identified. Use this attribute as the root of the tree, and then 

create a branch for each of the values that the attribute can take. The same 



process is repeated for each of the branches using the subset of the training set 

that is classified by this branch. This process will reduce the input rule set into 

a set of minimum number of rules with highest information about the target 

classes. The pseudo-code for the recursive ID3 procedure is given below. The 

input to the procedure is a collection of instances (rules) and their correct 

classification and output is a decision tree with each of its paths representing a 

decision rule. This output tree represents the pre-processed (reduced) rule set 

that is capable of partitioning the input-space, by identifLing the mutually 

exclusive regions representing the target classes. 

Algorithm: ID3 decision tree induction 

Input: Fuzzy-rule set framed from the FZ-NVD feature vectors 

representing each character patterns. Initially the procedure will 

be executed by taking the entire training rules with complete 

attributes as input. 

Examples: A m X n matrix where m is the number of rules (samples) in 

the training set and n is the feature vector dimension ( number 

of attributes in each rule). 

Target - class: A m sized vector with the target class information. 

Attribute: The attribute set in the current pass and its size will reduce 

after each pass. 

Output : A decision tree and, each path of it represents a decision rule. 



ID3 (Examples, Target - class, Attributes) 

Create a new node Root for the tree; 

lfall members of Examples are in the same class c 

Root = single-node tree with label = c; 

else $Attribute is empty 

Root = Single node tree with label = most common value of 

Target - class in Examples; 

else 

A: = member of Attributes that maximizes Gain (Examples, A); 

A is decision attribute for Root; 

For each possible value v of A 

Add a new branch below Root, testing for A = v; 

Examples - v := subset of Examples with A = v; 

IfExamples-v is empty 

below the new branch add a leaf with 

label = most common value of Target - class in 

Examples; 

else 

below the new branch add subtree 

ID3 (Examples-v, Target - class, Attributes - {A) ) ;  

return Root; 

To perform the decision tree induction procedure, the fuzzy rules 

framed for each character patterns with the class numbers as consequent 



parameters are given as input to the ID3 procedure. Since the feature vectors 

used to frame these fuzzy rules are based on fuzzy zoning, each attribute in 

the rule represents the nine fuzzy regions of the character image as discussed 

in chapter 6. Each attribute can have any of the discrete values SMALL, 

MEDIUM or LARGE. This is achieved by the help of the fuzzy sets modeled 

using the Gaussian membership function as described in section 8.2.1. Here 

nine attributes are present in the antecedent part of each rule and are named as 

Zonel, Zone2, ........, Zone9. Any of the target class number (0 to 44) is 

assigned in the consequent part of each rule. So each rule or instance is 

considered as a combination of attribute-value pairs. To perform decision tree 

induction the ID3 algorithm is executed by taking these fuzzy if-then rules 

framed for each character as input. Each path in the output decision tree 

represents a decision rule. Inorder tree traversal algorithm is used to identifL 

each rule from the out put decision tree. Experimental results show that as an 

average case the decision tree induction procedure reduces the input rule set 

into roughly one third of it. This final ID3 driven rule set is also capable of 

partitioning the input space into mutually exclusive regions in an impressively 

fast manner by the help of a recognition algorithm. Hence the above obtained 

ID3 driven fuzzy-rule set is given as input to ANFIS for learning. The 

detailed architecture and the learning algorithm used to implement ANFIS for 

the recognition of Malayalam handwritten characters are discussed in the 

succeeding sections. 



8.3 Adaptive Network Based Fuzzy Inference System for Handwritten 

Character Recognition 

This section describes the fuzzy inference system architecture along 

with the learning algorithm used for the recognition of Malayalam 

handwritten characters. The architecture used here is referred to as adaptive 

network-based fuzzy inference system or semantically equivalently, Adaptive 

Neuro-Fuzzy Inference System (ANFIS). Fuzzy inference system is a popular 

computing framework based on the concepts of fuzzy set theory, if-then rules 

and fuzzy reasoning. The basic structure of fuzzy inference system consists of 

three components: A rule base, which contains a selection of fuzzy rules; a 

database, which defines the membership functions used in the fbzzy rules; and 

a reasoning mechanism, which performs the inference procedure upon the 

rules and given facts to derive a reasonable output or conclusion. With crisp 

inputs and crisp outputs, a fuzzy inference system implements a nonlinear 

mapping from its input space to the output space. This mapping is 

accomplished by a number of if-then rules, each of which describes the local 

behavior of this mapping. In particular, the antecedent of a rule defines a 

fuzzy region in the input space, while the consequent specifies the output of 

that fuzzy region. A block diagram of fuzzy inference system is shown in 

figure 8.2. 



1 Knowledge base I 

* 
Decision- making unit 

Figure 8.2 A block diagram of fuzzy inference system 

In the present study, we used the Sugeno fuzzy model (TSK fuzzy 

model) proposed by Takagi, Sugeno and Kang [Takagi.T and Sugeno.M, 

19851, [Sugeno.M. and Kang.G.T ,19881 for the implementation of the fuzzy 

inference system. Even though different consequent constituents result in 

different fuzzy inference systems, their antecedents are always the same. The 

antecedent of a fuzzy rule defines a local fuzzy region, while the consequent 

can be a membership function (Mamdani and Tsukamoto fuzzy models), a 

constant value (zero-order Sugeno model), or a linear equation (first-order 

Sugeno model). 

A typical fuzzy rule in a Sugeno fuzzy model has the form 

If x is A and y is B then z = f (X, y) 

where A and B are fuzzy sets in the antecedent, while z = f (X, y) is a 

crisp function in the consequent. 



Usually f (X, y) is a polynomial in the input variables x and y, but it can 

be any function as long as it can appropriately describe the output of the 

model within the fuzzy region specified by the antecedent of the rule. In this 

study f(x, y) is considered as a first-order polynomial and hence the resultant 

fuzzy inference system is the first-order Sugeno fuzzy model. 

Min or 

Weighted 
Average 

Figure 8.3 Fuzzy reasoning procedure for first-order Sugeno fuzzy 

model with two rules 

Figure 8.3 shows the fuzzy reasoning procedure for the Sugeno fuzzy 

model. Since each rule has a crisp output, the overall output is obtained via 

weighted average. Thus the process of defuzzification is avoided. In practice 

the weighted average operator is replaced with the weighted sum operator 



(that is, z = wlzl  + w2z2 in the figure 8.3) to reduce computation further, 

especially in the training part of the system. It is hence identified that, with 

out the time-consuming and mathematically intractable defuzzification 

operation, the Sugeno model is the most suitable candidate for the handwritten 

character feature based fuzzy modeling. The following section describes the 

general ANFIS architecture and the gradient based learning procedure used 

for training the network. 

8.3.1 General ANFIS Architecture 

The generalized ANFIS architecture [Jang J.-S.R, 19931 is depicted in 

this section. For simplicity, we assume that the fuzzy inference system under 

consideration has two inputs X and y and one output z. Suppose that the rule 

base contains two fuzzy if-then rules of first-order Sugeno fuzzy model as 

given below. 

Rulel: I f x  is A ,  and yisB, ,  then f i = p l x + q l y + r l  

Rule2:Ifx is A2 and yisB2,then f i=p2x+q2y+r2  

The Sugeno fuzzy model based ANFIS architecture is shown in 

figure 8.4. Here nodes of the same layer have similar functions as described 

below. We denote the output of the i' node in layer l as Ol,i. The operations 

performed on each layer of the ANFIS network is explained below. 



Layer 1 Layer 4 

A I  

X 

A 2  

c; :I 
A A  . :  . :  : .  

X Y 

Figure 8.4 Sugeno fuzzy model based ANFIS architecture 

Layer 1 : 

Every node i in this layer is an adaptive node with a node function 

O1 , i=@i(~) ,  f o r i = 1 , 2 o r  

OlViz Ni-2 b), for i = 3, 4. 

where X (or y) is the input to node i and Ai (or Bi-2 ) is the linguistic 

label associated with this node function. In other words, Ol,i is the 

membership function of a fuzzy set A (=AI or A2 or B, or B2), and it specifies 

the degree to which the given input x (or y) satisfies the qualifier A.  Here the 

membership function for A can be any appropriate parameterized membership 

function. Parameters in this layer are referred to as premise parameters. 

Layer 2: 

Every node in this layer is a fixed node labeled I7, whose output is the 

product of all the incoming signals: 



02,, = W ,  = pAi(x) pBi(y), i = 1,2. 

Each node output represents the firing strength of a rule. In general, any other 

T-norm operators that perform fuzzy AND can be used as the node fknction 

in this layer. 

Layer 3: 

Every node in this layer is a fixed node labeled N. The th node 

calculates the ratio of the ith rule's firing strength to the sum of all rules' firing 

strengths: 

The outputs of this layer are called normalizedfiring strengths. 

Layer4: 

Every node i in this layer is an adaptive node with a node function 

Where is a normalized firing strength from layer 3 and (p,, g,, ri) is 

the parameter set of this node. Parameters in this layer are referred to as 

consequent parameters. 

Layer5: 

The single node in this layer is a fixed node labeled C that computes 

the overall outputs as the summation of all incoming signals, 



The above constructed adaptive network architecture represents a 

functionally equivalent Sugeno hzzy model. 

8.3.2 Gradient Based Learning Procedure for ANFIS 

As discussed in section 8.3.1, ANFIS is a network structure consisting 

of nodes and directional links through which the nodes are connected. 

Moreover, part or all of the nodes are adaptive, which means their outputs 

depend on the parameters(s) pertaining to these nodes. It is a multilayer feed 

forward network in which each node performs a particular function on 

incoming signal as well as a set of parameters pertaining to this node. The 

formulas for node function may vary from node to node, and the choice of 

each node function depends on the overall input-output function. Here the 

adaptive network only indicates the flow direction of the signal between 

nodes; no weights are associated with the links. The parameter set of an 

adaptive network is the union of the parameter sets of each adaptive node. 

The basic learning rule of an adaptive network is based on the gradient decent 

and chain rule proposed by Werbos [Werbos.P, 19741. In the present study we 

used the modified gradient based learning procedure derived by Jang [Jang.J.- 

S.R, 19851. This learning procedure updates the parameter set according to 

the given training data in order to achieve a desired input-output mapping. 
\ 



8.3.3 ANFIS Implementation for Handwritten Character Recognition 

The implementation details of the ANFIS architecture and gradient 

based learning procedure used in the present study are described in this 

section. The th fuzzy g.. ..then rules framed from the FZ-NVD feature can be 

expressed as, 

If xl is Ai,1 and x2 is . ...,xn is Ai,, then 

= ( q i . 1  X I  + qi ,2  ~ 2 ' -  q i , n  xn + q , ,n+l )  

where xl,  x2 ,. . . . . ..., X ,  are input feature values, . .., A,., are any 

one of the membership function corresponding to the fuzzy sets SMALL, 

MEDIUM or LARGE and { qi,l, q i , 2 , .  . ..., g,,, , q i , n + l )  is the parameter set. Here 

the size of the feature vector n = 9. The detailed description of the processes 

performed on each layers of the network architecture is given below. 

Layer 1 : 

The feature values xl ,  X Z , .  ....., xg are given as input to the network. At 

first, each of these feature values is given to the three Gaussian membership 

functions designed to represent the hzzy sets SMALL, MEDIUM and 

LARGE. The general form of the membership hnction is given by, 

for i = l to n and 

j =  1 t o 3  



where c, and oy are the constant parameters of the th attribute of the jth 

membership function. The values of c for the membership functions SMALL, 

MEDIUM and LARGE are fixed as 0.25, 0.5 and 0.75 respectively while that 

of width o is fixed as 0.1 for all the cases as discussed in section 8.2.1. Output 

of each node in this layer is the membership value acquired while passing the 

input feature values to the above defined Gaussian membership hnctions 

corresponding to SMALL, MEDIUM and LARGE. 

Layer 2: 

The number of nodes in this layer is fixed as equal to the number of 

ID3 derived rules. Here each node represents an ID3 derived fuzzy rule. The 

input to each of the nodes in this layer is controlled by the attributes of the 

fuzzy rule (representing the node). That is if the ph attribute of the rule 

representing the jth node in this layer is X (X can take any of the values 

SMALL, MEDIUM or LARGE) then the corresponding membership value 

( representing the fuzzy set X) from the ith node in the layer one is given to the 

jth node of this layer. For example, if the first attribute of the rule representing 

the first node in this layer is SMALL then the membership value of the fuzzy 

set SMALL from the first node of the layer one is given as input to the first 

node in this layer. And if the second attribute of the rule is LARGE then the 

membership value of the fuzzy set LARGE from the second node of the layer 

one is given as input to the second node of this layer. The same process is 



repeated for all the attributes of the rule, and the product of all the incoming 

values gives the final node value. This input selection method for nodes in 

layer 2 is illustrated in figure 8.5 with the continuous lines representing the 

established connections. This proposed method incorporates the information 

from the ID3 driven rule set to the ANFIS and it will definitely help in 

partitioning the input-space in a fast and accurate way. Thus for each node in 

this layer compute, 

for i = 1 to N and 

j =  1 ton  

where N is the number of nodes in the layer 2 ( number of ID3 derived 

rules) and n is the size of the feature vector ( number of attributes in each 

rule). Here each node output represents the firing strength of a rule. 

Layer 3: 

In this layer, for each node, the ratio of the fh rule's firing strength to 

the sum of all rules firing strengths (normalized firing strength) is computed 

using the expression, 



Layer4: 

Every node i in this layer is an adaptive node with a node function 

Where G is a normalized firing strength from layer 3 and {qi,l , ,  , , ..qi.n+l} 

is the parameter set of this node. Parameters in this layer are referred to as 

consequent parameters. 

Layer 5: 

The single node in this layer is a fixed node labeled C that computes 

the overall outputs as the summation of all incoming signals, 

- 

where .L = (qi.1 XI+ qi,2 X Z + .  . . .+ Xn + qi,n+l), ~i is the normalized firing 

strength of W;, and N is the total number of rules. 



ID3 Derived Rules 

\1\1 Layer 4 
Layer 1 Layer 2 Layer 3 Layer 5 

FZ-NVD ,-, X I .  . . . x g  

LMSMMLLMS X I . .  . . x g  

Figure 8.5 ANFIS architecture for Malayalam handwritten character recognition 
(Continuous lines represent the established connections) 
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Above network is trained using the gradient based learning procedure 

(in Bach/off-line mode) proposed by Jang J.-S.R. as discussed in section 

8.3.2. This learning process tries to minimize the error between the actual and 

the target output using the error function, 

E = 1 (Actual output - Target output)2 

where r, denotes the output of the dh training data, dp denotes the target 

output and N is the total number of training data. The learning procedure with 

the error function E is implemented to achieve the desired input-output 

mapping, by updating the antecedent parameters according to the given 

training data. If the training data set has p samples, then the input data is 

considered as a matrix of size p X n where n is the size of the feature vector or 

the number of attributes of the hzzy rule framed from it. A membership 

function matrix is of size N X n, where N is the total number of ID3 derived 

rules and n is the number of attributes in each rule. The error correction 

expressions for the mth iteration with respect to cb and o , are given by, 



where v,, 72 and are learning parameters which are constant 

throughout the learning procedure. To find the gradient-decent we, 

differentiate E with respect to cij, oij and go, to get, 

The following section describes with the simulation experiment 

conducted for the recognition of Malayalarn handwritten characters using 

ANFIS and presents the main results. 

8.3.3.1 Simulation Experiments and Results 

Simulation experiment is conducted to implement the ANFIS 

algorithm in MATLAB. In chapter 7, it has been experimentally shown that 

FZ-NVD parameter gives better recognition results in all the three recognition 



algorithms used, viz., c-Means clustering technique, k - NN classifier and 

class-modular neural network. Therefore the credibility of the ANFIS based 

character recognition system developed in this chapter is verified using the 

FZ-NVD parameters. In training, the error tolerance is fixes as 0.01 and 

learning constant is fixed as 0.1. After the convergence the final parameter 

set is stored in a data file and further used in the testing phase. In this work we 

used a set of 15,752 samples of forty four Malayalam handwritten characters 

taken from 358 different writers for training and a disjoint sample dataset of 

same size is used for testing. 

The Confusion Matrix obtained as the result of the recognition 

experiment conducted using FZ-NVD parameters and ANFIS architecture 

with gradient based learning is given in table 8.l(a-d). The average 

recognition accuracies of forty four Malayalam characters are given in 

Table 8.2. The overall recognition accuracy obtained is 82.35 %. Table 8.3 

shows the average recognition accuracies obtained in various experiments 

conducted in this work based on different parameters and recognition 

schemes. From this table it is clear that ANFIS with FZ-NVD parameters 

gives better results compared to other recognition algorithms. 
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Table 8.1 (d) 

Table 8.1 (a-d): The confusion matrix indicating the recognition of forty four Malayalam handwritten characters using ANFIS architecture 
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,a[pha] 
sru[ba] 
~ [ b h a ]  - 
m[ma] 
m [ y a ]  

[ral 
QJ I la 1 
ru[va] 
ua [sha] 
a [ s h h a ] 3 9  

& [ h a ]  
~ [ l h a ]  
y[zha] 
n[rha] 

28 
0  
0  
0  
0  
0  

0 3 1 7  

0  
0  
0  
0  
0  

29 

1  
0  
0  

0  
0  
0  
0  

m 

24 
39 

1 3 2 7 9  

0  
0  

0 2 7  
0  
0  
0  
0  
0  
0  

24 

0  
0  
0 

n u [ s a ] 4 0 O O O O O O  
0  
0  
0  
0  

24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 

37 
38 

41 
42 
43 
44 

n 
m  

~ ~ 5 ~ , e a a ~ ~ h ~  
g g ~ e 3 ~ 2 P $ ~ a 9 e  

29 
0  
0  
0  
0  
0  
0  

0 2 5 9  

0  
0  
0  
0  
0  

0  
0  

0  
0  
0  

n n n n n  " 
U 

32 
0  
0  
0  
0  
0  
0  
0  
8 
0  

0 3 1 5  

41 
0  

0 0 0 0 5 9 0  
0 0 0 2 1 0 0  

13 
0  

0 0 0 0 0 0 0  
0 
0  
0 
0  

(d 
-E 

30 
0  
0  
0  
0  
0  
0  

12 
0 2 7 1  

0  
0  
0  
0  

0  
0  

0 2 4  
0  
0  
0  

U  

33 
0  
0  
0  
0  
0  
0  
0  
0  
0  
0  

0 2 6 2  

0  

0  
0  

0  
0  
0  
0  

m  
U 

34 
0  

21 
0  
0  
0  
0  
0  
0  
0  

19 
0  

0 2 7 3  

0  
0  

0 
0  
0  
0  

E 
Y 

35 
0  

16 
0  
0  
0  
2  
0  
0  
0  
0  
0  
0  

1 0 2 8 3  

0  
0  

0  
0  
0  
0  

m 
U 

a 
36 

0  
0  
0  
0  
0  
0  
0  

37 

0 2 5 2 0 0 0  
0 3 3 8  

0  
0  
0  
0  
0  
0  

n 

U - 2 ,  

38 

0  
0 2 6 3  

0  
0  
0  
0  
0  

- n m m n n n n -  

U 

40 
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 3 8 0 0 0 7 0 0 0  
0 0 0 0 0 6 2 0 0 0  
0 0 0 0 2 9 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  
0 0 0 0 0 0 0 0 0  

0  
0  
0  

0 2 6 5  

0  
0  
0  

__I 

39 

0  
0  

0 2 5 5  

0  
0  
0  
0  

~ ~ ; f : ~ ~ ~ ~  
Y 

Z ? ~ ~ ~ ? ~ G ; U S ~ C  

41 

0  
0  
0  
0  

0 2 9 4  

0  
0  

42 

0 0 0 0 0  
0  
0  
0  
0  
0  

0 2 4 4  

0  

m a a a  

- U -  

43 

0  
0  
0  
0  
0  
0  

0 2 4 0  

44 

- 

0  
0  
0  
0  
0  
0  
0  

0 2 5 4  



Table 8.2: The overall recognition accuracies of forty four Malayalam 
handwritten characters based on FZ-NVD features and 

ANFIS architecture 

Character 
Number 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

l 1  

'2 

l3  

l 4  

l5  

l6  

17 

'8 

19 

20 

21 

22 

Recognition 
accuracy 

(%l 
89.1 1 

77.93 

90.50 

87.43 

89.38 

88.55 

72.35 

75.69 

79.05 

87.99 

73.18 

76.26 

79.05 

70.39 

94.4 1 

73.46 

71.23 

74.02 

82.12 

68.16 

67.04 

70.95 

82.34841 

Character 

m [-ah] 

9 [-aah] 

2 [-yi l 
2 [ -uh l 
s [ -erul 

ng) [ -eh]  

43 [ -aehl 

63 [ -oh ] 

& [ W  

m[kha ]  

m [ g a l  

~ [ g h a ]  

m [ nga ]  

a [ c h a ]  

m[chha] 

sa [ j a ]  

m [ j h a ]  

m [ n j a ]  

s [ t a ]  

0 [ tta ] 

~ [ d a ]  

rug [ dda] 

Average 

Recognition 
accuracy 

("/.l 
98.60 

81.29 

88.83 

79.33 

78.2 1 

95.53 

88.27 

92.17 

8 1.28 

83.52 

95.25 

78.49 

85.75 

87.15 

8 1.45 

77.37 

91.34 

89.97 

73.18 

75.14 

95.53 

87.43 

Recognition 

Number 

23 

24 

2 5 

26 

27 

28 

29 

30 

3 1 

32 

33 

34 

35 

36 

37 

38 

39 

40 

4 1 

42 

43 

44 

Accuracy (%) 

Character 

m[ nha l 
[ tha] 

LO [ thha] 

n [ dha ] 

w [dhha ] 

m [nal 

[ p a l  

phal 

6T-u [ b a l  

n [ bha] 

[ m a l  

[ Y ~ I  

[ral 

[ l a l  

[ v a l  

m [ sha ] 

[shha ] 

C,-" [ s a l  

& [ h a ]  

2 [ lha 1 
9 [ zha ] 

o [ rha ] 



Table 8.3 Average recognition accuracies of forty four 
Malayalam handwritten characters based on different 

features and classifiers 

S1. No 

1 

2 

3 

4 

8.4 Conclusions 

A handwritten character recognition system using ANFIS is designed 

Classifiers 

c-Means clustering 

k-NN classifier 

Class-modular 
Neural Network 

ANFIS 

and developed. A fuzzy-rule set is framed from the fuzzy-zoned normalized 

vector distance (FZ-NVD) features extracted from handwritten characters 

Recognition Accuracy (%) 

using Gaussian Membership Functions defined for the fuzzy sets LARGE, 

SSPD 
Feature 

64.15 

71.61 

73.03 

------ 

MEDIUM and SMALL. To perform the parameter adjustment in learning, 

ANFIS need partitioning of the input space. In order to facilitate this process 

we used a decision tree induction procedure named ID3. The entire fuzzy 

Z-VD 

Feature 

67.43 

73.10 

75.58 

------ 

rules framed from the feature vectors are given as input to this ID3 algorithm 

and the reduced optimum rule set obtained as the output of this process is then 

used as input to the inference part of ANFIS architecture. The Network is 

FZ-NVD 

Feature 

69.00 

75.82 

78.87 

82.35 

trained with the help of a gradient based learning rule using a set of 15,752 



samples of the forty four Malayalam handwritten characters taken from 358 

different writers and a disjoint sample dataset of same size is used for testing. 

The entire system is implemented using MATLAB codes. This work is the 

first of its kind in Malayalam and the overall recognition accuracy obtained 

for the forty four basic Malayalam handwritten characters is 82.35%. This is 

highly promising compared to the recognition results obtained in various 

experiments conducted in this study using different parameters and classifiers. 



CHAPTER 9 

CONCLUSION 

A well-structured and standard database of isolated Malayalam 

handwritten character images is developed in this work. The constructed 

database has the potential to be used as a benchmarking resource for the 

handwritten character recognition research. Besides, this work is the first of 

its kind in Malayalam. 

Different pre-processing algorithms capable of preparing the original 

gray-scale character images in the database for feature extraction studies are 

implemented. Initially, the foreground extraction from the gray-scale 

character image samples is performed with Otsu's global thresholding 

technique. To bring uniformity among the character patterns, the image 

samples are normalized in to 66 X 42 pixel size using Affine Transformation 

and Bilinear Interpolation algorithm. A modified version of rotation invariant 

rule based thinning algorithm proposed by Ahrned.M. and Ward.R. is applied 

on character images to acquire one pixel wide skeletons of the character 

patterns. 

A new method for modeling Malayalam handwritten characters based 

on the gray-scale images is introduced. Reconstructed state-spaces in the form 

of State-Space Maps (SSMs) for character images are generated for one, four 

and eight directional space variations. SSMs with eight directional space 

variations are found to be well informed and hence it is used firther in the 



feature extraction process. Sate-Space Point Distribution (SSPD) features are 

extracted from the SSMs of character samples. The extracted parameters are 

found promising and used hrther in the recognition experiments. 

The global characteristics of Malayalam handwritten character patterns 

are analyzed based on the aspect ratio, existence ratio and the centroid of the 

character curve. The experimental results indicate that it is extremely difficult 

to classify the character patterns based on the global features since these 

features considerably deviate from the norm. Therefore the feature extraction 

studies in designing parameters that are capable of representing the 

information content regions in a character pattern based on their parts are 

conducted. As a result character image patterns are modeled based on the 

region decomposition or zoning. 

Two methods for handwritten character modeling using perceptual 

zoning of the pre-processed character images and the vector distance as the 

parameter measure are proposed and evaluated. At first a zoned vector 

distance (Z-VD) feature is extracted and these features are then fine tuned 

with the fuzzy-zoned normalized vector distance (FZ-NVD) measures. It is 

found that the distribution patterns obtained from these features are almost 

similar for repeated samples of the same character written by different writers 

and varies from character to character. These parameters are effectively 

employed to model Malayalam handwritten characters and further utilized for 

recognition purpose. 



Handwritten character recognition studies based on the SSPD features 

extracted from the grayscale images, Z-VD and FZ-NVD parameters 

extracted from the pre-processed character images using different classifiers 

are conducted. The cluster analysis using the c-Means clustering technique is 

performed on the extracted feature vectors and the same technique is used for 

the recognition also. The credibility of the extracted parameters is also tested 

with k-Nearest Neighbour (k-NN) classifier. A connectionist model based 

recognition system by means of class-modular neural network is implemented 

and tested using above three parameters. The recognition rates obtained using 

the FZ-NVD features are found to be more promising and it is further used for 

developing a recognition scheme with the help of Adaptive-Network-Based 

Fuzzy Inference System (ANFIS) to achieve better performance. 

A Handwritten character recognition system using ANFIS is designed 

and developed. For this purpose, a fuzzy-rule set is framed from the fuzzy- 

zoned normalized vector distance (FZ-NVD) features using Gaussian 

membership functions defined for the fuzzy sets LARGE, MEDIUM and 

SMALL. Here we used Sugeno fuzzy model to design the inference part of 

ANFIS. For executing the parameter adjustment in learning procedure, the 

ANFIS needs the input data space to be divided according to the target 

classes. In order to facilitate this operation we used a decision tree induction 

procedure named ID3 proposed by Quinlan. The fuzzy rules framed from the 

feature vectors are given as input to this ID3 algorithm and the final rule set 



obtained as the output of this process is then used as input to the inference 

part of ANFIS architecture. 

The Network is trained with the help of a gradient based learning rule 

using a set of 15,752 samples of the forty four Malayalam handwritten 

characters taken fi-om 358 different writers and a disjoint sample dataset of 

same size is used for testing. The entire system is implemented using 

MATLAB codes. This work is a first of its kind in Malayalam and the overall 

recognition accuracy obtained for the forty four basic Malayalam handwritten 

characters is 82.35%. Some of the recent handwritten character research 

findings reported for Indian languages are given in Table 9.1 for comparison. 

Table 9.1 Recent contributions to HCR in Indian languages 

S1. 
No 

1 

2 

3 

4 

5 

6 

Language 
and number 
of classes 

Bangla 
(49 class) 

Bangla 
(50 class) 

Devanagari 
(25 class) 

Hindi 
(36 class) 
Kannada 
(48 class) 

Malayalam 
(44 class) 

Method 

Rahman.AFR et al, 
2002 

Bh0wmik.T.K et al., 
2004 

Ar0ra.S. et al., 
2006 

Hanmand1u.M. et al., 
2006 

Pa1.U et al., 
2006 

Work presented in this 
thesis 

Feature 
Vector 

Dimension 
High level features 
(multistage- coarse 

processing 
required) 

200 
100 

25 

24 

400 
64 

9 

Recognition 
Accuracy 

(%) 

88.38 

84.33 
80.58 

88.20 

85 .OO 

85.7 1 
80.87 

82.35 



In the present study, the proposed ANFIS based recognition system 

uses nine dimensional FZ-NVD features for recognizing forty four 

Malayalam handwritten characters. Comparing the feature vector size and the 

number of character classes used in each work, it is evident that the proposed 

method outperforms other techniques and can be effectively implemented as a 

high speed HCR system for Malayalam. 

One of the future research directions is to design the parameters for 

modeling compound characters with special symbols and modifiers. The out 

comes of this research can also be exploited for handwritten word recognition 

with an intelligent character segmentation algorithm. Hence, the system 

methodology developed in this study using ANFIS can be extended in 

developing a full-fledged HCR. 

Most of the systems often rely on a lexicon during the recognition 

stage. Fact is that, whatever be the recognition strategy, contextual knowledge 

(linguistic, domain or any other pertinent information) needs to be 

incorporated into the recognition process to reduce the ambiguity. Lexicon is 

such a source of linguistic and domain knowledge. A new architecture, for 

incorporating lexicon based domain specific knowledge to the developed 

system, may also be investigated. 

The ultimate goal of handwriting recognition research is to have 

machines that can read any handwritten text with the same recognition 

accuracy as human but at a faster rate. We hope a complete Malayalam HCR 

system will evolve in public domain with this work as the starting point. 



APPENDIX - I 

MATLAB implementation of State-Space Map and State-Space Point 

Distribution parameter extraction. 

% Th is  progam generate the  state-space map w i th  e igh t  d i r e c t i o n a l  space 
% v a r i a t i o n s  f o r  Malayalam handwritten character images of 66x42 p i x e l  s ize .  
c l c ;  
i m w ~  dth=66; %Image wid th  
imHeight=42; %Image  eight 
f o r  nDi r=1: 44 

f o r  nsampl es=l :  358 
A=zeros( 42 661) ; 
x=zeros([ l  27721) 
Y l=zeros( [ l  277215; 
~ 2 = z e r o s ( [ l  27721) ; 
~3=zeros ( [1  2772 ); 
~4=zeros ( [1  2772 1 ); 
Y5=zeros([1 2772 
~ 6 = z e r o s ( [ l  2772 
~ 7 = z e r o s ( [ 1  2772 
~ 8 = z e r o s ( [ l  27721); 
C=zeros([42 661); 

im=do~ble(imread(strcat('~:\l\',num2str(n~ir),'\p~ample\newl\bb',num2str(nSamp 
les) ,  .bmp'>)); 

imTemp = padarra (im, [l l] ,O, 'both ' )  ; 
Z=zeros([l, 26881r; 
k=O : 

end 
end 
f i g u r e  

plot(f,~l,'k.',z,~2,'k.',z,~3,'k.',z~~4,'k.~,z~~5,'k.~,z,~6,'k.~,z,~7,'k.',z,~ 
8, 'k.  , markersize',3); 

axis([O 300 0 3001); 
ac t i ve .  sack rounfcolor  = [l 0 01 ; 
active.Enab?e = on ; 
ac t i ve .   oreg ground col or = [l 0 01 ; 

end 
end 



% Th is  progam w i l l  generate state-space p o i n t  d i s t r i b u t i o n  graph f o r  
% handwri t ten character imges o f  s i ze  66x42 w i t h  e igh t  d i r e c t i o n a l  sapce 
va r ia t i ons  

c l  c; 
imwidth=66; %Imagewidth 
imHeight=42; %Image Height 

f o r  nDi r=1:44 
f o r  nSamples=l: 358 

A=zeros([16 161); 
x=zeros([ l  27721); 
Yl=zeros([ l  2772 ) ;  
~2=zeros (  [l 27721) - 
Y3=zeros([l 27721) 
Y4=zeros([l 2772 
Y5=zeros([l 2772 
~ 6 = z e r o s ( [ l  2772 
Y7=zeros([1 2772 
~8=zeros( [1  2772 
z=zeros([ l  27721); 
C=zeros([42 663); 

- . . .  - .  . . 
bmp')); 

x=reshape(im, [l 27721) ; 
imTemp = padarray(im, [l l] ,0, 'both ' ) ;  
k=O ; 
f o r  i=2: .41  

f o r  2:65 
iIk+l;?(k)=im<i, j) ; 
yl(k)=im(i - l ,  J )  ; 
~2(k )= im( i ,  ]+l); 
~3(k)= im( i+ l ,  '); 
~4(k)= im( i ,  j-1); 
~5(k )= im( i - l ,  j-l); 
~ 6 ( k ) = i m ( i - l ,  j+l); 
~7(k )= im( i+ l ,  j+l) ; 
~8(k )= im( i+ l ,  1-1); 

end 
end 

f o r  i = l :  2764 
[a, b]=cordval (z( i )  , y l ( i )  ,16, 
~ ( a ,  b)=~(a,  b)+l; 
[a, b =cordval (z( i )  , ~ 2 ( i )  ,16, 
~ ( a ,  b )=~(a,b)+l ;  
[a, b]=cordval (z(i) , ~ 3 ( i ) ,  16, 
~ ( a ,  b)=A(a, b)+l; 
[a,b]=cordval(z(i),~4(i) ,16, 
A(a, b)=A(a, b)+l; 
[a, b ]=cordva l (z ( i ) ,~5( i )  ,16, 
~ ( a ,  b)=A(a, b)+l; 
[a, b]=cordval (~(i) , ~ 6 ( i ) ,  16, 
~ ( a ,  b)=A(a, b)+l; 
[a, b]=cordval (z(i) , ~ 7 ( i ) ,  16, 
A(a, b)=A(a, b)+l; 
[a,b]=cordval (z( i )  , ~ 8 ( i )  ,16, 
A(a, b)=A(a, b)+l; 

end 

f o r  i=1:16 
for  j=1:16 

~ ( ( 1 6 - ( i - l ) ) ,  j > = ~ ( i  ,l); 
end 

end 

f i gu re ;  
~=reshape(~ ' ,256,1) ;  
d i  sp(c) ; 
D=1:256; 
plot(~(:),c(:),'r.-s,'marker~i~e',l); 

end 
end 

func t i on  [xval  , va l  ] =cordval ( i v a l  , j v a l  , h t  , wd) 
xval = f l o o r ( i v a l / ~ t ) + l ;  
yval  = f  l oor ( j v a l  /wd)+l; 



 his progam extarc ts  state-space po int  d i s t r i bu t i on  arameters f o r  ~a laya lam 
%handwritten character image o f  size 66x42 p ixe ls  w i t 1  e ight  d i rect ional  sapce 
%variat ions 

c l c ;  
imwidth=66; %Image width 
im~eight=42; %Image Height 
f o r  nDi r=1: 44 

c lear  B; 
c lear  C: 
c lear  D: 
fpl=fopen(strcat('~:\l\sspd\ttnew8nnew',num2str(nDir),'.dat'),'w'); 
f o r  nSamples=l: 358 

A=zeros( C16 161 ; 
B=zeros([16 161); 
c=zeros ( r16 161 ) : 

im=doybl e(imread(strcat(' ~:\l\' , num2str(n~i r) 
les) ,  .bmpl>)>; 

x=reshape(im, [l 27721) ; 
irnTemp = padarray(im, [l l] ,0, 'both'); 
k=O;m&;n=O; 
f o r  i=2: 41 

f o r  izi;!; 

end 
f o r  

end 

i=1: 2764 
[a, b] =cordval (z(i 
~ ( a ,  b)=A(a, b)+l; 
[a, b]=cordval (z( i  
~ ( a ,  b)=A(a, b)+l; 

a b =cordval (z( i  
-n(a, b)+l; h;, 2)- 

[a, b] =cordval (z( i  
~ ( a ,  b)=A(a, b)+l; 
[a, b]=cordval (z(i 
~ ( a ,  b)=A(a, b)+l; 
[a, b] =cordval (z( i  
~ ( a ,  b)=A(a, b)+l; 
[a, b] =cordVal (z(i 
~ ( a ,  b )=~(a ,  b)+l; 
[a, b]=cordval (z(i 
n(a,b)=~(a,b)+l; 

end 
f o r  i=1:16 

f o r  j=1: 16 
~ ( ( 1 6  -(i-l)), j)=A(i, 1); 

end 
end 
C=B ; 
D=mean (C, 2) ; 
f o r  i=1:16 

f p r i n t f ( f p1 ,  '%f ' ,o( i )) ;  
end 
f p r i n t f ( f p1 ,  ' \n ' ) ;  

end 
fclose(fp1) ; 

end 



APPENDIX - I1 

MATLAB implementation of fuzzy-zone based feature extraction 

technique. 

% Th is  r o  ram f i n d s  t h e  fuzzy-zoning based Normalised vector  Distance feature  
% f o r  tRe ?arty-four Mlayalam handwri t ten characters.The nine fuzzy-region 
% descr ip ton i s  shown i n  the  t a b l e  given below. 

%---------------------------------------------------  
% I A  B C  D E F G  H I 
% --------I----------------------------------------- 
% h ~ g  1 36 36 36 73 73 73 100 100 100 
% w ~ g  1 36 73 100 36 73 100 36 73 100 
% iRg 11 1 1  2 7 2 7 2 7  64 64 64 
% jRg ( 1 27 64 1 27 64 1 27 64 
% .................................................. 
% 
% 
c l  ear a l l  ; 
c l c ;  
imHeight=42 ; 
imWidth=66; 
A=Zer0~([42 663); 
f o r  noi  r=1:44 

fp=fopen(strcat('~:\l\data2\fuzzy-zone\fz',num2str(n~ir),'.dat'),'w'); 
f o r  nSamples=l:15 

~=double(irnread(strcat('~:\l\data2\' ,num2str(nDir), '\tl ,num2str(nSampIes), ' . bmp'))); 
f o r  i=1:42 

f o r  j=2:65 
~(i, j)=x( i ,  j-l); 

end 
end 
% F i r s t  Region - Region A 
hRg=17; %imHeight*0.36;%region t o t a l  width(end va l )  
wRg=25; %imwidth*O. 36;%region t o t a l  width(end val)  
i ~ g = l ;  % Region i s t a r t  
jRg=l; % Region j s t a r t  
D i  s t=0 ; 
cNum=O ; 
avgoi st=O; 
f o r  i=iRg:hRg 

f o r  J=~R~;:RT 
i f ( A 1  -=255) 

fvajue=getFuzzyl( i ,  j , im~eight , imwid th , l )  ; 
Dist=Dist+ sqr t ( ( i - l )A2 +(l- l)A2)+-fval ue; 
cNum=cNum+l; 

end 
end 

end 
i f  (DistT=O) 

avaDi st=Di st/cNum: 
end - 
f p r i n t f ( f p ,  ' %If ' , a v g ~ i s t ) ;  

%2nd Region - Region B 
hRg=17; % f l o o r ( ~ m ~ e i g h t * O .  36) ;%region t o t a l  width(end va l )  
wRa=50: %floor(imwidth*O. 73) ;%reqion t o t a l  wi dth(end va l )  . .  - 
i ~ i j = l ;  ' % ~ e g i o n  i s t a r t  
jRg=16; % f l o o r ( O . 2 7 * i m w i d t h ) ; % ~ e g i o n j s t a r t  
D i  st=O; 
cNum=O ; 
avgoi st=O; 
f o r  i=iRq: hRg 

f o r  j = j ~ g : w ~  
l f (A ( i  , q-=255) 

fvajue=getfuzzyl( i ,  j, im~eight , imwidth.Z) ; 
D i s t = ~ i s t +  sqr t ( ( i - l )A2 +(I-l)A2)*f~alue; 
C N U ~ = C N U ~ + ~ ;  

end 
end 



end 
i f (Di  st-=0) 

avgoi st=Di s t /c~um;  
end 
f p r i n t f ( f p , '  %If ',avgDist); 

%3rd Region- Region C 
hRg=17; %floor(imHei ght40. 36) ;%region t o t a l  widthcend va l )  
wRg=66 ; %floor(im\?ridth*l);%region t o t a l  width(end va l )  
i ~ g = l ;  % Region i s t a r t  
j ~g=So ;  %floor(imwidth*O. 64) ;% ~ e g i o n  j s t a r t  
D i  st=O; 
cNu~=O ; 
Dist=O; 
avgoi st=0 ; 
f o r  i= iRg: h ~ g  

f o r  J = ~ R  -WR 
,,(A?;, .?--2ss) 

fvajue<etFurzyl( i ,  j ,imtieight,imWidth,P); 
Dist=Dist+ sq r t ( ( i  -l)A2 +(l- l)A2)*fvalue; 
cNum=cNum+l; 

end 
end 

end 
i f (D i  st;=O) 

avgoi st=Di st/cNum; 
end 

%4rd Region- Region D 
hRg=34; %floor(imHeight*O. 73) ;%region t o t a l  width(end va l )  
wRg=25; %floor(imwidth*O. 36) ;%region t o t a l  width(end va l )  
i ~ g = 1 7 ;  %floor(imHeight40. 27) ; % Region i s t a r t  
jRg=l; % Region j s t a r t  
D i  st=O ; 
cNum=O ; 
avgDi st=0; 
f o r  i = iRa :h~a  

f o r  ~=~R;:wR 
i f(n(i,  ? - = ~ s s >  

fvajue=getFuzzyl( i ,  j , i t n ~ e i g h t ,  imwidth.4) ; 
o i  st=Dist+ s a r t ( ( i  - l)A2 +(l - l ) ~ Z ) * f v a l  ue: 

end 
end 

end 
i f  (Di st-=0) 

avgDi s t = ~ i  s t /c~um;  
end 
f p r i n t f ( f p , '  %If ',avgDist); 

%Srd Reg 
hRg=32 ; 
wRg=SO; 
i Rg=17 ; 
jRg=zS; 
D i  St=O: 

i on -  Region E 
%floor(imHeight*O. 73) ;%region t o t a l  width(end va l )  
%floor(imwidth*O. 73) ;%region t o t a l  width(end va l )  
%floor(imHeight:*O. 27) ; % Region i s t a r t  
%floor(imwidth*O. 27) ; % Region j s t a r t  

- - 

cNum=O; 
avgDi st=0; 
f o r  i=iRa:hRa 

f o r  j = j ~ g : w ~  
i f(n(i ,  ? - = ~ s s )  

fVajue=getFuzzyl( i ,  j , im~eight , imwid th .  S); 
D i  st=Di s t+  sqrt:(( i  -l)A2 +( l - l )A2)*fval  ue; 
cNum=cNum+l; 

end 
end 

end 
i f  (oist;=O) 

avgDi st=Di st/cNum; 
end 
f p r i n t f ( f p , '  %If ',avgDist); 

%6rd Region- ~ e g i o n  F 
hRg=34; %floor(imHeight*O. 73) ;%region t o t a l  width(end va l )  
wRg=66; %l*imwidth;%region t o t a l  width(end va l )  
iRg=17; % f l o o r ( i m ~ e i g h t ~ ~ 0 . 2 7 )  ; % ~ e g i o n  i s t a r t  
jRg=41; %floor(imwidth*0.64);% Region j s t a r t  
D i  st=O; 
cNum=O ; 
avgDi st=O; 



f o r  i= iRg :h~g  
f o r  J = ~ R  -WR 

1 ,(A?; , e8-=zss) 
fVa~ue=getFuzzyl(i . j, imHeight, imwidth, 6) ; 
Dist=oist+ sqr t ( ( i  -l)A2 +(l- l)A2)*fvalue; 
cNum=cNum+l; 

end 
end 

end 
i f (Di  st-=0) 

a v a ~ i  s t = ~ i  st/c~um: 
end - 
f p r i n t f ( f p I 1  %If ' , avg~ i s t ) ;  
%7rd Region-Region G 
hRg=42; %imHeightql; %region t o t a l  width(end val)  
wRg=25; %floor(imwidthqO. 36) ; %region t o t a l  width(end val)  
i ~ g = 3 4 ;  %floor(im~eight*0.64) ; % Region i s t a r t  
jRg=l; % Region J s t a r t  
Dist=O; 
cNum=O; 
avgoi st=0; 
f o r  i=iRq:hRq 

f o r  j = j ~ - . w ~  
I ,(A?; , -7-255) 

fVajue=getFuzzyl(i, j , im~e iqh t , im~ id th ,7 )  ; 
Dist=oist+ sqr t ( ( i  -l)A2 +(I-l)A2)*fValue; 
cNum=cNum+l; 

end 
end 

end 
i f  (oist-=0) 

a v g ~ i  st=Di st/cNum; 
end 
f p r i n t f ( f p , '  %If ',avgDist); 

%8rd Region 
hRg=42 ; 
wRg=50; 
iRg=34; 
jRg=25; 
Dist=O: 

-Region H 
%imHeightql; %region t o t a l  width(end val)  
%floor(imwidthqO. 73) ; %region t o t a l  width(end val)  
%floor( im~eight*O. 64); % Region i s t a r t  
%floor(imwidthq0.27); % ~ e g i o n  j s t a r t  

cNum=O i 
avgoi st=O; 
f o r  i=iRg:hPa 

f o r  ~ = j l  
lf(i 

end 
end 

end 
i f  (oi stT=O) 

avgDist=Dist/cNum; 
end 
f p r i n t f ( f p , '  %If ',avgDist); 

%9rd Region- Region I 
hRg=im!ieight ; % region t o t a l  width(end val)  
wRg=i m W i  d th  ; % region t o t a l  width(end val)  
iRg=25; %floor(imHeightq0.64); % Region i s t a r t  
j Rg=41; %floor(imwidthq0.64) ; % ~ e g i o n  j s t a r t  
o i  st=0 ; 
cNum=O; 
avgDi st=O; 
f o r  i=iRa:hRa 

. ~. 
cNum=cNum+l; 

end 
end 

end 
i f  (Di sty=O) 

a v g ~ l  st=Di st/cNum; 
end 
f p r i n t f  ( fp ,  '%lf \n' ,avgoist); 

end 
fclose(fp); 

end 



APPENDIX - I11 

MATLAB Implementation of ID3 Decision Tree Induction Procedure 
and ANFIS. 

% ID3 Decis ion t r e e  i nduc t i on  riocedure f o r  pre-processing the  r u l e  se t  obtained 
% from t h e  fea tu re  vectores. Tlese reduced optimum r u l e  se t  w i t h  maximum in format ion 
% about t h e  c lass  boundaries are given as i npu t  t o  the in ference p a r t  o f  ANFIS 
% Recursive func t i on  c a l l  
f unc t i on  t = idn3(mat , a t t r i  bu te- l i s t )  
[sr,sc] = size(mat); 
num-attributes = sc - 2; 
numtarget-c lass = 44; 
attribute-~aye7[:atrl','atr2','atr3','atr4','atr5','atr6','atr7','atr8','atr9']; 
f v a l  = [ ' L ,  M ,  S ' ] ;  
% i f  a l l  members o f  examples are i n  the  same class c 
% number o f  e n t r i e s  f o r  each t a r g e t  c lass 
t a r  = ze ros ( l , numta rge t~c lass ) ; -  
tarnum = str2num(mat(:,sc-1:sc)); 
f o r  i = 1 : num-target-class 

ta r (1 , i )  = length(f ind(tarnum == i)); % stores number o f  e n t r i e s  f o r  each 
t a r g e t  c lass  
end 
% tar(1:num-target-class) = 358; 
sclasy = f ind( tar (1 , : )  == sr ) ;  
i f  length(sc1asy) % i f  a l l  members are i n  the  same class 

% t = t ree( 'Labe l ' ,sc lasy) ;  
t = sclasy;  

e l s e i f  sc == 2 % i f  a t t r i b u t e  l i s t  i s  empty 
maxvc = f i nd ( ta r ( f , : )  == max(tar(1,:))); 
% t = tree('Labe1 ,maxvc(l)); 
t = maxvc; 
c lea r  maxvc; 

e l se  
maxgain = -10; 
f o r  i = 1 : num-attri butes % f i n d i n g  the maximum value o f  in f romat ion gain 

ga i  = infogain(mat, i )  ; 
i f  ga i  > maxgain maxgain = gai ; index = i ; end 

end 
c l  ear maxgai n ; 
f o r  i = 1 : 3 % f o r  each oss ib le  value o f  a t t r i b u t e  

rex = f ind(mat(: ,index! == f v a l  (i));  
i f  (l ength(rex)) 

%sc,length(rex) ,index 
nmat = zeros(length(rex) , sc-1); 
nmat = mat(rex, 1:index - 1); % new mat r i x  
nmat = mat(rex,index + 1 : sc); % w i t h  ou t  t he  selected a t t r i b u t e ;  
[nsr,  nsy] = size(nmat) ; 
a t t r i  b u t e - l i s t 1  = s e t d i f f ( a t t r i b u t e - l i s t ,  [attribute-list(index)]) ; 
i f  i == 1 t l  = idn3(nmat,attribute-listl); 
e l s e i f  i == 2 t 2  = idn3fnmat .a t t r i  b u t e e l i s t l )  : 
e l s e i f  i == 3 t 3  = idn3(nmat;attributeIlistl); end 
c lea r  nsr ,  
c l e a r  nsy; 
c l e a r  nmat; 
c l  ear a t t r i  bute-l i s t l :  

e l  se 
maxvc = f ind( tar (1 , : )  == max(tar(1,:))); 
i f  i == 2 t 2  = maxvc; end 
i f  i == 3 t 3  = maxvc;end 
c l  ear maxvc; 

end 
c l  ear rex: 

end 
t = tree('Label,~b,~b,sb',char(attribute-list(index)),tl,t2,t3); 
c lea r  mat; 
c l  ear num-attri butes ; 
c lea r  num-target-class ; 
c l  ear t a r ;  
c l  ear tarnum; 
c lea r  s r ;  



c lear  sc; 
c l  ear sclasy; 

end 
% Function t o  compute the  Infornation Gain f o r  ID3 procedure 
func t i on  ga in  = infogain(mat,atrnum) 
[ r , c l  = s~ze(mat) ;  
en t r  = 0; 
i f  r 

[ r t l , c t l l  = f ind(mat(: ,atrnum) == 'L ' ) ;  
[ r t 2 , c t2 ]  = find(mat(: ,atrnum) == 'M ' ) ;  
[ r t 3 , c t3 ]  = find(mat(:,atrnum) == ' S ' ) ;  

% c a l c u l a t i n g  the  t o t a l  entropy o f  t he  a t t r i b u t e  
v 1  = 0; 
v2 = 0; 
v3 = 0; 
i f  length( r t1)  v 1  = - ( length( r t l ) / r )  * log2( length(r t l ) / r ) ;end 
i f  length( r t2)  v2 = -( length(r t2) / r )  * log2( length(r t2) / r ) ;  end 
if length( r t3)  v3 = -( length(r t3) / r )  * logZ( length(r t3) / r ) ;  end 
e n t r  = v 1  + v2 + v3; 

% entropy o f  each fuzzy s ta te ,  f o r  t he  a t t r i b u t e  
tarnum = str2num(mat(:,c-1:c)); 
e n t r l  = 0; 
i f  length( r t1)  

f o r  i = 1 : 44 % number o f  t a rge t  c lass 
[x,y] = intersect(find(rnat(:,atrnum) == 'L1), f ind(tarnum == i)); 
i f  ength(x)ent r l  = e n t r l  + - ( length(x) / length(rt l ) )  * 

log2( length(x) / length(rt l ) ) ;  end 
% i n s e r t  command t o  drop X and y. 
c l e a r  X;  c l e a r  y; 

end 
e n t r l  = en t r l * ( l eng th ( r t l ) / r )  ; 

end 

ent r2  = 0; 
i f  l ength(rt2) 

f o r  i = 1 : 44 % number o f  t a r g e t  c lass 
[x,y] = intersect(find(mat(:,atrnum) == 'st) , f ind(tarnum == i)); 
~f ength(x) ent r2  = entr2 + -( length(x)/ length(rtZ)) * 

log2(length(x)!1 ength(rt2)) ;end 
% i n s e r t  command t o  drop X and y. 

end 
ent r2  = entr2*( length(r t2) / r )  ; 

end 

ent r3  = 0; 
i f  length( r t3)  

f o r  i = 1 : 44 % number o f  t a r g e t  c lass 
X,  ] = intersect( f ind(mat( :  ,atrnum) == 

i f  rength(x) ent r3  = ent r3  + -(length(x) 
log2(1ength(x)/ length(rt3)) ;end 

% i n s e r t  command t o  drop X and y. 
c l e a r  X; c l e a r  v; - .  

end 
ent r3  = entr3*( length(r t3) / r )  ; 

end 
gain = e n t r  - e n t r l  - ent r2  - ent r3  

e lse  aa in  = -100: 
end - 

% Programe f o r  ID3 dec is ion t r e e  t rave rsa l  
% two a t t r i b u t e s ,  r o o t  and t r a v l i s t ,  i n d i c a t i n g  en t r i es  t raversed so far  
f unc t i on  trav(root,trav~list,trav~fval) 
% i n i t i a l i s a t i o n  o f  r u l e  data base 
% ru le-set  = zeros(100,16); 
% index = 0; 
% t r a v - l i s t  = char([]); 
% t rav- fva l  = [l ; 

g1 obal i ndex; 
g1 obal r u l  e-set ; 

% terminat ing cond ie t ion  
[x,y] = s i ze ( t rav - l i s t ) ;  
i f  i s t ree ( roo t )  == 0  

index = index + 1: 
f o r i = l : x  

lnum = t r a v - l i s t ( i  ,4:5); 
num = str2num(lnum) ; 
r u l  e-set(i  ndex, num) = t rav-fval  (i) ; 

end 



else 
% v i s i t  the node 
val  =branch(root, ' l l); 
t rav - l i s t ( x+ l ,  :) = val ;  
t rav-fval  l = trav-fval ; 
trav-fval2 = trav-fval ; 
t rav-fval3 = t rav-fval ; 
%trav-fval l = trav-fval2 = trav-fval3 = trav-fval  ; 
trav-fval  l ( x+ l )  = 1; 
t rav-fval2 (x+l) = 2 ; 
trav_fval3(x+l)  = 3; 
% fu r the r  t r ave r s t l ;  
trav(branch(root, Z1),trav-list,trav-fvall); 
trav(branch(root, '3') , t rav- l ist , t rav_fva12);  
trav(branch(root,'4'),trav~list,trav~fval3); 

end 

% ANFIS Implementafion f o r  ~a laya lam handwritten Character Recognition 
% Feature vector Dimension imdim, number o f  fuzzy states numfstate=3 
% (coresponding t o  the fuzz sets SMALL, MEDIUM and LARGE) 
% Input  matr ix  i s  d, wi th  tKe desired output i n  the l a s t  column. 
c l c ;  
e r ro r  = 10; 
count = 0; 
% I n i t i a l i s a t i o n  
b = 0.375; 
ipdim = 9; 
numfstate = 3; 
c = zeros(ipdim, numfstate) ; 
s i  = zeros(ipdim, numfstate) ; 
C(: ,l) = 0.75,~( :  ,2) = 0.5, C(: ,3) = 0.25; 
s i ( : , l l  = 0.75,si(;,2) =.0.5, si(:,3) = 0.25; 
cons-param = ones(i ndex, ~pdim+l)  ; 
dat = zeros(1,lO) ; 
whi le  count <= 20000 

error  = 0.01; 
count = count + 1; 
f o r  i n d l  = l : 44 

f o r  ind2 = 1 : 15 
c lear  dat; 
dat = zeros(1,lO) ; 

% Layer 1 : 
% input  : input-output vector pa i r  - matr ix d 
% output: 27(9*3)dimensionel vector - fuzzy membership values 

dat( l , l :9) = d((ind1-l)* 358 + ind2,1:9); % inpu t  data 
dat(1,lO) = 1; 
z = d((ind1-1)*358 + ind2,lO); % desired output 
layerl-output = zeros(l,27); 

f o r  i = 1 : ipdim 
f o r  1 : numfstate 

la;erloutput(l. (i -1)*3 .+. j) = exp(-0. S*(((dat(l, i) - 
c ( i  , j>> /s i  (1 , j>>A2>>; 

end 
end 

% layer  2 
% input  : rule-set and index - the number o f  rules i s  assumed t o  
% be avai lable i n  the work space as an output o f  ID3 
% procedure and the outputs from layer  1. 
% rule-set values 1 2 3 i nd ica t ing  fuzzy states 
% SMALL, MEDIUM and LARGE) f o r  each rule) 
% output: ~ i r i n g  strength o f  each r u l e  - output vector s ize i s  
% equal t o  the number o f  ID3 derived ru les 

f i  re-strength = zeros(1, index); 
f o r  i = 1 : index 

val  = 1; 
f o r  j = 1 : ipdim 

i f  rule-set(1, j) 
i n  = (j-1)*3 + rule-set( i , j ) ;  
val = val  * layerl-output(1n); 

end 
end 
f i re-strength(1, i )  = val  ; 

end 



% La er3 : For computing Normalised F i r i ng  strengths o f  each 
% ruYe 

layer3-output = zeros(1,index); 
sum = 0; 
f o r  i = 1 : index 

sum = sum + fire-strength(1,i); 
end 

layer3-output(1,:) = fire-strength(l,:)/sum; 
% Layer4 : 
% Consequent parameters cons-param o f  size(index,lO) i s  
% i n i t i a l i s e d  
% dat( l , lO)=l ;  

layer4-output = zeros(1,index); 
l ayer4-output = cons-param * dat ' ; 
f i  = layer4-output; 
f o r  i = 1 : index 

layer4_0utput(i, l) = layer4_output(i ,l) * layer3_output( l ,  i) ; 
end 

% Layer5 
% output : Overall outputs, sum o f  a l l  incoming values = 
% sum(layer4-output(: ,l)) ; 
sum = 0; 
f o r  i = 1 : index 

sum = sum + l ayer4_0utput(i, 1) ; 
end 

output = sum; 
e r ro r  = e r ro r  + abs(z-output); 

% Parameters updation 
% Update parameters par t i c ipa t ing  i n  each r u l e  
% index i f o r  r u l e  number, j f o r  par t i c ipa t ing  a t t r i b u t e  

f i w i  = 0; 
f o r  i = 1 : index 

f iw i  = f i w i  + f ire-strength(1,i) * f i ( i , l ) ;  
end 

% updating c 
f o r  i = 1 : index 

f o r  j = 1 : ipdim 
if r u l  e-set(i , j) 

d i f l  = z - output; 
d i f 2  = f i ( i , l ) - f i w i ;  
d i f 3  = dat(1, j)-c(1,rule-set(i, ')); 
d i f 4  = d i f3 / ( l i ( l , ru le - re t ( i ,  j)jA2); 
C(], rule-set(i , l ))  = c(], rule-setcl ,  j)) - (2 * d i f l  * 

layer3_0utput(l, i) * d i f 2  * d i f4)  ; 
end 

end 
end 

% updating sigma 
f o r  i = 1 : index 

f o r  j = 1 : ipdim 
i f  r u l  e-set(i , j) 

d i f l  = z - output; 
d i f 2  = f i  (i , l ) - f i w i  ; 
d i f 3  = dat(1, ') c(1,rule-set( i , j ) ) ;  
d i f 4  = (d i f3d ) j ! s i  (l, ruleset ( i .  j))?3); 
s i ( j , rule-set(1, j ) )  = s i (  , rule-set( i , j ) )  - (2 * d i f l *  

layet-3-output(1.i) * d i f 2  * d i f4 )  ; 
end 

end 
end 
% updating q 
f o r  i = 1 : index 

f o r  j = 1 : ipdim 
cons-param(i,j) = cons-param(i,j) + (z - output) * 

layer3-output(1,i) * dat(1,j); 
end 

end 
end 

end 
end 
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