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ABSTRACT 

Character recognition has been a classical problem in the area of pattern recognition. 

Unconstrained handwritten characters pose a serious challenge to the researcher, and to 

date no algorithm has had a great deal of success in this area. The character recognition 

algorithms have to deal with a lot of variations in the characters, which requires great 

adaptability in the recognition procedure. Many approaches have been studied over the 

years, and several neural network implementations have been developed to classify the 

data. In this work, low-frequency Fourier transforms of characters are used as the 

features for classification. An adaptive neuro-fuzzy clustering algorithm is used to classify 

the features. This work discusses the basic problems faced by handwritten character 

recognition and the approach taken here to deal with them. 
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CHAPTER I 

INTRODUCTION 

1.1 Pattern Recognition 

Humans understand and view the world around them in a series of interrelated facts 

or patterns and our powers have evolved so that we can cope with the task of perception 

admirably. Humans have wanted to duplicate these perceptory powers in machines so that 

we can make them more efficient duplicates of us and more compatible with us. Research 

has been conducted ever since computers made their advent to make this creation of ours 

understand us; our speech, our writing, and in general to make it work and react in more 

human-like ways. Communication theory, psychology, biology, computer science and 

mathematics have been some of the areas where research has been conducted to further 

our understanding of this subject. 

Pattern recognition [ 1] can be defined as the ability to assign a physical object or 

event to one of several pre-specified categories. A typical pattern recognition system 

consists of an input transducer, feature extractor and a classifier. The transducer collects 

the input data and converts it to a form which can be processed by the computer. The 

feature extractor is where relevant information is culled from the input data and fed to the 

classifier, which then decides to which category, or class, the input data belongs. Features 

are the characteristics of the input pattern, like color, shape, size or statistical information 

about the object, and it is crucial to get the proper features so that the classification does 

not suffer. The features extracted should be of lower dimensionality than the initial 

measurement. Also, the feature extraction method determines the recognition method. 

All this points to the importance of the process of feature extraction, since proper feature 

extraction can make classification very simple when the categories to be classified are well 
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separated. But even though extensive research has been devoted to this area, we are still 

far away from solving the problem of feature extraction and figuring out the best way to 

go about it. 

1.2 Character Recognition: A Background 

Character recognition has always been an integral part of pattern recognition, since 

characters as patterns were relatively easy to obtain. An enormous amount of research has 

been conducted in this area. A large number of papers, patents and books have been 

published on this subject. A number of excellent review papers have also been written on 

the subject. Character recognition has been an extremely popular area of research not 

only for the challenge and difficulty posed by the problem or as a way to replicate human 

perception, but also because of its potential for conunercial use. There is a variety of 

literature in different languages citing the commercial and practical applications of optical 

character recognition. Some of the more important applications are listed below: 

a. As an integral part of a reading machlne for blind people; 

b. As a telecommunication aid for the deaf or the dumb; 

c. In the postal department as a postal address reader; 

d. In the tax department and the industry in general as an automatic form processor; 

e. For data entry from checks and for signature verification in banks; 

f. For direct processing of docwnents : to handle large volumes of data automatically, 

for changing text or graphics into a computer readable form, and as an electronic 

page reader. 

Crude optical character recognition (OCR) machines were frrst introduced in the mid-

1950's. Since then OCR technology has come a long way. At present the most important 

area where OCR is focusing is that of office automation. Advances have made it possible 
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to use OCR as an effective means to capture information from books or other printed 

material directly into the computer. Also there has been striking success in the area of 

automatic mail sorting in the postal department. OCR has also been applied to the hand

held~ pen-based computers~ recently developed by a variety of dealers, the most popular 

with the media being the Newton Message Pad from Apple. But a lot of work still 

remains to be done. 

Character recognition can be divided into two basic categories: on-line and off-line; 

each having its own hardware and recognition algorithms. In on-line character 

recognition, the computer recognizes symbols as they are written. The electronic tablet or 

digitizer is the most common swface used for writing, and many different types of tablets 

are available commercially. ill on-line character recognition, the characters are recognized 

using the input stroke sequence. In contrast, off-line character recognition is done after 

the writing is complete. There are both advantages and disadvantages of using either 

method. Some features of on-line character recognition which make it more attractive to 

its proponents than off-line character recognition are; 

a. It captures dynamic information of the writing as strokes (the number, direction 

and order) as the person writes, but off-line character recognition has to deal 

with conversion of scanned data to line drawings to be preprocessed with 

definite loss of data; 

b. More interactivity; 

c. Adaptability: in the event of a failure to recognize, the writer can change his 

writing or try other means to make sure there is no ambiguity to make the 

computer understand; 

Of course, off-line character recognition has its own set of attractive features: 

a. Do not have to deal with the temporal nature of the strokes: their order and 

number can make recognition difficult; 

3 



b. Equipment is cheaper; 

c. More user-friendly environment: paper and pencil/pen is more comfortable 

than an unhandy digitizing tablet. 

The method used in this research is off~ line character recognition. A block-diagram 

of a general off-line optical character recognition system [2) is shown in Figure 1.1. In a 

typical off-line character recognition system, a set of characters, or a complete page or 

document is electronically scanned or digitized, segmented and fed into a preprocessor to 

smoothen, reduce the noise and normalize the size of the scanned characters. 

Distinguishing features are then extracted from the processed character which are then 

used for classification. 

Handprinted 

Characters 

Optical 

Scanner 

Input Digitizatim 

COMPUTER ------- --- --------- -- -------- -------- ----------1 
I I 
I I 
I Location & I 
I Recognition 1 
I Segmentation Feature I 
~ f-~ ~processor & I 
I of Extractor Decision 

I 
1 ' I Owactcrs I 

I I 
I ----------- ------ ----------------- --- -- ---- -• 

Owacter Smoothing, 

Matrix Noise 

Elimination 

& Size 
Normalization 

Matching 

Figure 1.1 Block Diagra111 of a Typical Optical Reader [2] 

I dentity 
of 

Owacters 

While much work has been concentrated on multi-font and fixed font reading, the 

most challenging field of research in this area is that of recognition of handwritten 

characters. Machines that read fixed font, such as those on checks and credit cards are 

very reliable due to the constraints of using magnetic ink and the fiXed style of letters used. 

Operating on a much less ideal case, a multi-font reader has to deal with noise from paper, 

printing quality, and type alignment. Much more interesting to researchers, and at the 
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same time much more difficult, is the ability to recognize handwritten characters 

automatically. The issue is made more complex by the existing noise problem and the 

infinite variability in handwriting styles. Noise arises from the writing instrument used, the 

quality of the paper, or the pressure applied when writing. Variability is something that 

has to be taken as granted, since even the same personts handwriting changes depending 

on the conditions and the nature of the writing. The problem facing researchers is really a 

tough one, which can be appreciated from the fact that even humans, which the computers 

are being made to emulate, have an error rate of 4% when reading handwriting without 

context. Even though computers can calculate much faster than the human brain, the 

recognition success rate is not even remotely close in most cases when it comes to 

automatic handwriting recognition. 

Initially, one of the biggest hindrances to research in character recognition was the 

unavailability of a large enough set of data to work with coupled with the lack of scanners. 

This lack of data has made a lot of research results inconclusive, since there is such a great 

variation of the characters possible. Early research, as well as a lot of recent research, had 

worked with a few sets of standard data, especially data by Munson [3] and Highleyman 

[4]. 

As in all pattern recognition problems, the most fundamental problem here is to 

extract meaningful features. The characters can be represented either as line drawings or 

in a matrix form. The basic approach is to preprocess the data and extract a feature vector 

to be classified The classification is usually totally dependent on the merits of the 

extraction process and on the separability of the categories. We can broadly divide 

character recognition techniques according to the different ways they extract the features 

for recognition [2]. The frrst technique to be implemented was where the characters were 

recognized by template matching and correlation. Major drawbacks of this approach were 

that this teclmique was effective to a certain degree only for machine printed characters, 
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and that the dimensionality of the feature vector was of the same size as the template, and 

hence very large. To overcome this problem, the next approach used was to use 

transformations and series expansions like the Fourier, Walsh, Haar and Karhunen-Loeve. 

Also, a lot of researchers used the statistical distribution of points of the character to 

classify them. Different distributions used are: zoning, moments, n-tuples, characteristic 

loci and crossings and distances. The advantage of using the distribution of points 

approach was the ease of implementation. Another approach used is the extraction of 

geometrical and topological features like strokes, endpoints, intersections of line segments 

and loops. Table 1.1 [2] shows a comparison of the characteristics of various feature 

extraction techniques. 

Table 1.1 A Comparison of Various Feature Extraction Techniques Based on the 
Tolerance to Deformation oflmage and Ease of Implementation [2] 

~ 
I . Tolerance to Deformation of !mage n. Bate of hnplementation 

Noise Distortion Style Tmnslation Rotation Mask Speed Complexity Independence n 
Matching e Variation 

1. O]Qbal &anu-es 

Templa~ 
+ 0 - - - + - 0 -

Matching 

Transfonnation - + + + + 0 - - 0 

2. Distribution of 

Points 

Zoning - 0 - - 0 - + + -

Momenu 0 0 - + + 0 - 0 -

n-tuples 0 - 0 - 0 - + + 0 

Characteristic 
+ + + 0 0 + + --

Loci 

Crossing and - + + -Dista.neeS + + + 0 -

3. Geometrical and 

To22logical - + + + 0 - + 0 + 
Feanues 

+high or easy 0 medium - low or diffteult 
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This thesis explores one approach to the still unsolved aim of achieving perlection in 

character recognition. We used Fourier coefficients as the features to classify handwritten 

characters using the Adaptive Fuzzy Leader Clustering (AFLC) algorithm. The research 

was aimed at tmding out how effective Fourier coefficients were as a set of features, and 

how clustering worked in the problem of character recognition. A variety of handwriting 

styles were examined. 

Chapter II presents a brief overview of the area of clustering for character recognition 

and the AFLC algorithm used for clustering. Chapter ill describes the approach used for 

this research. Chapter IV presents the results from this project. Finally, Chapter Vis a 

conclusion with recomendations for future research. 
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CHAPTER IT 

BACKGROUND INFORMATION 

This chapter is an ovetview of the work done previously and which has led to this 

research. We specifically discuss here an optical word recognition algorithm [5] and the 

Adaptive Fuzzy Leader Clustering (AFLC) [ 6] algorithm used for this research. 

2.1 Fourier Coefficients and Character Recognition 

As mentioned in the previous chapter, there have been a number of approaches to 

tackle the challenge posed by character recognition. Fourier techniques have been a part 

of pattern recognition research for a very long time. They have been used for many 

decades now to characterize linear systems and to identify the frequency components 

making up a continuous wave form. The Fourier transform basically is a computational 

tool to change the representation of a physical process from the time domain to the 

frequency domain representation, or vice versa. We can go back and forth between these 

two representations by the following equation pair: 
00 00 

F(u, v) = I I f(x,y)e-i21t(w;+vy)dxdy (2.1) 
-oo-CIO 

....... 
f(x,y) = J J F(u, v)ei21t(ux+vy)dudv (2.2) ___ ..,. 

for -oo<x, y<oo, -oo<u, v<oo, where F(u,v) is the Fourier transform, or the frequency 

domain representation of the time domain functionf(x,y). 

However, when the wave form is sampled, or the system is to be analyzed on a digital 

computer, it is the finite, discrete version of the Fourier transform, the Discrete Fourier 

Transform (DFf) that must be used and understood. Although some differences result 

from the constraint that the DFf must operate on sampled data points defmed over fmite 
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intervals, most of the properties of the continuous Fourier transform are retained. The 

discrete Fourier transform pair that applies to sampled versions of these fimctions can be 

written in the form: 
1 N-1 N-1 

F(u, v) = -2 I. L,J(k,l)e-i21t(uk+vi)/N 
N A:=O 1=0 

(2.3) 

N-1 N-1 

f(k,l) = L,I,F(u, v)ei2rt(u.t+vi)!N (2.4) 
u=O v=O 

for u,v = 0, 1, ... , N- 1; k,l = 0, 1, ... , N- 1. Both F(u,v) andf(k,l) are, in general, 

complex series, and can be represented as: 

F(u,v) = R(u,v) + il(u,v). (2.5) 

The Fast Fourier Transform (FFf) is an efficient algorithm for computing the DFT 

of a sequence. The FFT can be used in place of the continuous Fourier transform to the 

same extent as the DFT, but with a substantial reduction in computer time. It avoids the 

repetitions in the DFT calculations due to the periodic nature of the discrete Fourier 

kernel: Wnk = e-j27t kniN. The savings in time for large DFTs provided by the FFf is 

dramatic. An excellent study of the theory and applications of the FFf can be found in the 

text by Brigham [7]. 

There have been a number of different approaches to solve the problem of character 

recognition using Fourier coefficients. Research in this area has been active with the more 

important being the ones by Zahn and Roskie [8], Persoon and Su [9], Lai and Suen [10], 

and Granlund [11]. Most of these are just shape and boundary descriptors. The approach 

in these papers was to follow the character shape and the Fourier coefficients were 

calculated along the boundary to classify the characters. The Fourier descriptors have 

invariant properties with respect to position and scale, but they depend on the starting 

point of boundary tracing. Also, most of the above mentioned approaches are only valid 

for closed curves. 
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Among the recent research efforts, Fourier coefficients of printed words have been 

clustered for recognition of printed words in their entirety [5] . The next section has a 

brief description of this approach. 

2.2 A Whole Word and Number Recognition algorithm 
using Low-Frequency Fourier Transforms 

A model for a reading machine [5] has been developed for recognition of a printed 

word without segmenting it into individual letters as most character recognition algorithms 

do. This reader used two-dimensional low-frequency Fourier transforms to defme the 

location of the word in an orthogonal hyperspace. The distance between individual word 

locations in the hyperspace was calculated as a measure of the similarity between two 

words. The recognition algoritlun is found to be able to recognize a large vocabulary of 

different font styles and is scale invariant. 

2.2.1 Overview of the Process 

Discrete pixel images of the 1000 most commonly used words in the English 

language were constructed. The words were constructed using a computer program 

which concatenated individual letters digitized from a printer's catalog. Twenty-five 

different fonts were used and the distance between the letters in a word was also varied. 

Low-frequency Fourier terms were calculated for these words. These coefficients were 

taken as the components of a vector representation of the word. Each word was 

considered as a point inN-dimensional feature space, where N is the number of low

frequency Fourier coefficients used. Fourier coefficients for the fifth hannonic were 

calculated for each word, generating in all121 (11 x 11) terms per word. These 

coefficients were then normalized to neutralize the effect of brightness. Words similar in 
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shape would have similar coefficients as compared to words that differed sharply. Two 

distance measures were used to measure the distance between the points: 
N 

Taxi distance (Ml), where dx,y = L<x;- y..) (2.6) 
i=l 

[ 

N ]1/2 
and the Euclidean distance (M2), where dx,y = t,: (X;- Y; )2 

• (2.7) 

Since the number of total word images was extremely large (25 ,000 : 1,000 words in 

25 different fonts), the search was limited by combining the font styles into groups. 

2.2.2 Results 

The research had a few interesting results. For whole words, it was shown that the 

horizontal axis of the coefficient matrix had more information about the word than the 

vertical axis, and so it was more important to get more coefficients along the horizontal 

axis. The fact that lower frequency Fourier coefficients cany most of the information 

about the word was also emphasized. The results also showed that the algorithm was 

substantially insensitive to noise. A nearest neighbor clustering algorithm was used to 

classify different words. A final claim was made that this algorithm could be implemented 

as an effective reading machine. 

2.3 Clustering 

The research cited in the previous section is an example of the emerging interest in 

the area of cluster analysis, as applied to pattern recognition. Clustering is also known as 

unsupervised learning in the area of neural networks. Neural networks and pattern 

recognition have become an integral part of each other. Artificial neural networks have 

been studied to make possible human-like image and speech recognition. A general 

defmition of neural networks was given by Kohonen [12]: 
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Artificial neural networks are massively parallel interconnected networks of 
simple (usually adaptive) elements and their hierarchical organizations 
which are intended to interact with the objects of the real world in the same 
way as biological nervous systems do. (p. 3) 

The thrust of research in the field of neural networks has been towards practical 

implementations of speech recognition, vision, robotics and artificial intelligence. We have 

still not been able to replicate the degree of perfection achieved by the human perception 

in neural networks. Excellent overviews of the fields of neural networks and their 

application to pattern recognition have been written by Lippmann [13, 14]. Neural 

networks are essentially structures composed of many simple interconnected elements 

called neurons working in parallel to solve a problem. They can be thought of as 

mathematical algoritluns. In its simplest form, a neural network consists of a layer of 

input neurons and an output layer and a weight vector which connects the input and the 

output as shown in Figure 2.1. The output y of a neuron is given by 

y =f(wm~~ ·x) , 

where wmn is the weight vector from the mth input to the nth output, x is the input 

vector and f is the transfer function of the neuron. 

I 

N 
p 

u 
T 

s 

Figure 2.1 A Simple Neural Network Connection 
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Neural networks adapt their weights in response to noise or change in the input 

pattern. Adaptive neural networks can be broadly classified as supervised or 

unsupervised. Supervised pattern recognition by neural nets has class labels for the input 

patterns to train the system. The network has then to decide about the classification by 

comparing with the supplied pattern exemplars. The Perceptron, Hopfield and Hanning 

neural nets are some examples of supervised neural networks. Back propagation is a 

training procedure for multilayer perceptron-type neural networks, where learning is 

achieved by comparing the input and the output and calculating the error to adjust the 

weights, so that the desired output is obtained for a given input pattern. In unsupervised 

learning, the input data is unlabeled and there is no training data available. Thus, the 

description of the output is not known and the neural net has to classify the input patterns 

by grouping them into clusters according to similarities between them. In unsupervised 

neural networks, the weights have to adjust on their own, since they cannot be trained. 

Adaptive resonance theory (ART) and Kohonen networks are well known unsupervised 

neural networks. Unsupervised neural networks use clustering which is the grouping of a 

number of unlabeled objects into sets based on their similarity with the members of that set 

as compared to members of other sets. Clustering assists us in organizing the data into 

meaningful groups to help us understand the underlying structure of the data. The number 

of clusters is either predetermined or resolved as the clustering proceeds. K-means, Hard 

C Means (HCM) and ISODAT A (Iterative Self-Organizing Data Analysis Teclmiques) are 

some of the classical clustering algorithms. The classical approach assigns the sample to 

one and only one cluster. In other words, the clusters are crisp, and there is no ambiguity 

regarding which cluster the data sample belongs to. This approach works well with data 

from well separated classes. The problem is that real data is usually not well separated. 

The data samples may come from classes which overlap. This results in a lot of 
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misclassifications when traditional crisp clustering algorithms are applied to this kind of 

data. 

Of late there has been a renewed interest in applying fuzzy logic to cluster analysis. 

Fuzzy set theory was developed by Zadeh [ 14] in 1965. This was introduced to represent 

imprecise or vague data in everyday life. This new set theory has its own mathematical 

definitions and rules. Here each data sample is assigned a membership function describing 

its degree of belonging to that class and can usually belong to more than one class. There 

have been a number of algorithms proposed applying these ideas to classical clustering 

algorithms like the fuzzy ISODATA and fuzzy C-Means (FCM) algorithms. 

Recent research indicates that hybrid clustering algoritlnns combining the adaptivity 

of neural networks and the concept of fuzzy membership grades of data samples to 

specific clusters yield less misclassifications [25]. Also, classifying these data samples by 

supervised neural nets is computationally intensive and takes a very long time. One 

example of integrating fuzzy features with crisp-clustering neural network algorithms was 

the application of the FCM formula in place of the original learning rule in the Kohonen 

neural network [26]. Fuzzy clustering techniques have been also applied to the ART-1 

neural network [22,23, 16]. Most of these algorithms have the disadvantage of needing 

some prior information as to how many classes of samples are present as well as the 

position of the cluster centroids. Most of these algorithms also work on the entire data 

set, requiring the clustering to be performed off-line. 

Neural networks offer a unique solution to problems in which there is an ambiguity 

about the input and there is no knowledge on which to develop an algorithm. Image and 

speech recognition give imprecise data since the input changes from person to person and 

according to the situation. There are a large number of commercially available optical 

character recognition machines today, but most of them deal with printed text. The real 

challenge of unconstrained handwriting recognition has still not been met with any great 
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degree of success. Most classifiers used for character recognition are supervised neural 

networks. However in recent years, some implementations of unsupervised neural 

networks for character recognition have emerged. A comparatively new neural network 

algorithm which combines the strength of an unsupervised neural network, namely ART -1, 

with an optimization criterion from the Fuzzy C-Means (FCM), is the Adaptive Fuzzy 

Leader Clustering (AFLC) which is used in this research for handwritten character 

recognition. 

2.4 Adaptive Fuzzy Leader Clustering 

The Adaptive Fuzzy Leader Clustering algorithm proposed by Newton and Mitra 

[15] introduces an approach using a hybrid neuro-fuzzy system which can cluster complex 

data sets in a self-organizing and stable manner. This algorithm learns on-line and 

adaptivcly clusters analog as well as discrete data into classes without any a priori 

knowledge of the number of clusters. This algorithm has been improved considerably [16, 

17] and has been shown to be flexible and efficient in many complex applications, and 

works well even with noisy data. 

The AFLC was developed using the concept of ART-1 [18] developed by Gail 

Carpenter and Stephen Grossberg and Fuzzy C Means (FCM) equations. Analysis of the 

limitations of a simpler type of adaptive pattern recognition network led to the 

introduction of adaptive resonance theory (ART). The ART networks are designed to 

solve the stability-plasticity dilenuna: how to be stable enough to preserve previously 

learned knowledge and at the same time adaptable enough to learn new things. The ART 

neural network structure deals with binary vectors and has been very popular in studying 

complex data sets. ART-2 [21]and Fuzzy ART [22] have been some of the improvements 

on this initial effort. 
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2.4.1 System Overview 

AFLC has a two stage classification process, followed by an updating procedure. 

The structure consists of a recognition layer, a comparison layer and surrounding control 

logic. The first step is the recognition stage and is performed in the recognition layer. 

The input feature vector is taken as Xj { =~ 1, Xj2, ... , Xjp}, for 1 < j < N, where N is the 

number of data samples and p is the dimension of the input vector. This is applied to the 

bottom-up weights (bk where k = 1 ,2, ... , p) of the existing cluster prototypes in a 

competitive learning scheme or dot product. The bottom-up weights are calculated as the 

normalized centroids of the ith cluster. The node receiving the largest dot product Y is 

taken as the prototype vector. 

¥; = m~{±xjkbki}' 1 < j < N. 
l A:=l 

(2.8) 

Figure 2.2 shows the AFLC system and classification procedures. This above step 

now activates the top-down ( tuc) weights for the cluster which is sent to the comparison 

layer. The control logic deactivates the inputs to the comparison layer while a comparison 

is being done. The ratio of the distance between the input vector Xj and the centroid of 

the ith cluster vi,d(Xj,vi) to the average distance of all the samples in that cluster to the 

centroid is calculated. If this ratio, R, is less than a vigilance parameter 't, then the input is 

(2.9) 

where k = 1, 2, ... , N; is the number of samples in class i and 

d
2
(Xj 'vJ = llxj-vj!r (2.10) 

is the Euclidean distance. The choice of 'tis critical and is usually detennined by a 
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number of preliminary runs. If the distance ratio is greater than 't, then the node i is 

disabled and we go through all the nodes successively to fmd one that satisfies this 

condition. If no node is available, a new cluster is created and the vector Xj becomes the 

prototype of this node. 

The bottom-up weights and top-down expectations need to be updated every time an 

input is added to an existing cluster. The cluster centroid is updated using the FCM 

equation (2.11 ). This updating of the centroid values disturbs the membership values of 

all existing samples with respect to the clusters. The equation 2.12 is used to update the 

membership values. 

)=1 

1< . <C -1- . 

1< '<C 1< "<N _l_ ; -J- . 

(2.11) 

(2.12) 

Here the degree of membership, J.lij, of the input vector is calculated. The value of J.Lij 

decides the weight of JS in the recalculation of the class expectations. In equation 2.12, m 

is a parameter that decides the fuzziness in the system, and is set to 2.0 for most 

experiments. 

Figure 2.3 shows the flowchart of the algorithm used in the AFLC. 
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Figure 2.3 Flowchart of the AFLC Algorithm 
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2.4.2 Modified AFLC 

The above was the original algorithm introduced in [16], but some modifications 

were made to deal with some problems in the algoritlun [ 17]. To deal with noise in the 

samples, which is characteristic of real data, the modified AFLC algorithm classifies any 

outlying noise data into a separate cluster, rather than as many single clusters as would 

normally be the case. This cluster is called the zeroeth cluster or the noise cluster. 

Another drawback of the original algorithm that was addressed in the modified algorithm 

was the verification process. With some data, data can be misclassified into different 

clusters depending on the order in which data is presented. This happens due to the 

shifting of the cluster centroids with each input, without any verification of the validity of 

the previous classifications being performed. The AFLC program was modified by adding 

a step to verify the validity of the classifications as the data input continues. The 

reclassification for data not satisfying the original classification is done by an error 

function given by: 
C N; m 2 

l(Jl, v) = LL(Jl;j) l!xi- v;ll . (2.13) 
i=l j=l 

The algorithm can be expressed in short as below: 

1. Start with no clusters; C = 0. 

2. The first input sample is stored as a point in the noise cluster. 

3. The next data sample is compared with existing clusters using the dot product and the 

ratios of equations 2.8 and 2.9. If satisfied by any centroid, that centroid is the 

winner. Skip to step 6. 

4. If none of the centroids satisfy the conditions, test with the zeroeth cluster. If any 

sample in the noise cluster satisfies the classification criteria, it fonns a new cluster 

and the newest input is part of that cluster. 

5. If not satisfied by any sample of the noise cluster either, input is stored in the noise 
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cluster as a noise sample, till a sample of its class comes to join it to form a new 

class. 

6. The new centroid and membership values are calculated according to the equations 

2.11 and 2.12. 

7. Verification to see if the previous classifications are still valid. If not, they are 

reclassified by minimizing the error function. Go back to step 3 till end of data. 

2.4.3 Results of Experiments 

The modified AFLC was tested for a number of real data in various applications. The 

first was with the standard Anderson Iris data. The algorithm was also tested for 

classifying fingerprint data. Another application where this algorithm proved its versatility 

was in simulating the control of a tethered satellite system. The results were encouraging, 

since the network could be applied to most data because of its flexibility. It was 

successful in eliminating noise in data structures. Also, because of its property of not 

needing any knowledge of data beforehand, it has great potential for applications in the 

real world. The computation required for this algorithm is much less than for most other 

algorithms, and hence the memory requirement is greatly reduced. 

Looking at all the excellent results of the AFLC program and its potential in 

classifying complex data sets, we chose this network for our work in character 

recognition. It took a little modification in the input format and some other minor changes 

to suit this algorithm to the purposes of this research. 
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CHAPTER ill 

IMPLEMENTATION 

3.1 Overview of the System 

For this project we used the Adaptive Fuzzy Leader Clustering (AFLC) neural 

network implementation [ 6] to classify handwritten characters. The data set used was 

lower-case letters of the English alphabet. Digitized images of the characters were 

generated by different methods, and were of varying characteristics to make the database 

more representative of real world situations. The database is not exhaustive, but is an 

effort to test the idea of using Fourier coefficients for character recognition, and the 

network's efficiency for this problem. Whole words were also used and noise was also 

introduced to test the validity of this approach for more difficult conditions. The image 

files were processed and Fourier coefficients calculated. Next the desired coefficient set 

from each character was taken as the features and run through the AFLC program to 

cluster the data. Figure 3.1 shows the flowchart of the algoritlun used in this research. 

3.2 Building the Character Set 

Generation of the digital images was done in a number of ways. The first approach 

was to scan the character written on paper. The digitized image was stored as a binary file 

and also in different formats supported by the imaging software like TIFF (Tagged hnage 

File Format). The second method was to use computer-generated characters which were 

stored as data files. These were used as an extra measure of verifying the validity of the 

approach, but were not used in the final runs for the results. The third approach used the 

Paintbrush utility on Windows. This generated bit mapped (BMP) and PCX image files. 

22 



START 

\II 
Generate the 

Character 

\I 

Digitize 

Character 

w 
Change the file 

Format to HSI Raw 

\I 

Normalize the Image 

Size to 64 x 64 

\I/ 

Calculate the 

Fourier Coefficients 

\I 

AFLC 

Program 

\1 

OUTPUT: 

Clusters of the character sets 

Figure 3.1 Flowchart of the Algorithm 

23 



We generated 9 sets of lower case letters. These were of differing sizes, shapes, and 

with varying orientation, thickness and distortion. No constraints were placed on the 

writer, so as to give a more general flavor to the database. We used these various 

methods to try to ensure that we could deal with all the formats available and to fmd out if 

we had problems dealing with data generated from various sources and in differing 

formats and sizes. 

3.3 Preprocessing 

We used three basic packages to change these formats to one single format which 

was most convenient for the rest of our research. We used two programs available as 

shareware: XV, written by John Bradley from the University of Pennsylvania, and Image 

Alchemy from Handmade Software, Inc. Both these tools were used basically for 

manipulating the file formats. The third software package used was Matlab, from The 

Mathworks, Inc. The file format chosen for the fmal character file storage was the HSI 

Raw file format which Matlab is able to process. Using the frrst two file conversion 

packages, different file formats like TIFF and PCX were all converted to HSI Raw format. 

Also, the binary data and the machine generated character data could be read from Matlab 

using small routines written for this pmpose, and converted to the HSI Raw format. 

To make a set of data which was homogeneous with respect to size of files and the 

gray -scales, we cropped the images and scaled them down to a pixel size of 64 x 64. Also 

the image files were all converted to a 2 gray-level binary format with values 0 or 1. The 

size reduction was not necessary, since we fmd out that the nature of the images and the 

number of harmonics taken make sure that there is no invariance due to scaling. The only 

reason this was done was to make the initial runs through the clustering algoritlun a little 
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easier and more systematic . In later stages we worked with characters of various gray

levels and sizes. 

3.4 Calculating the Fourier Coefficients 

Once we had the individual character image data, the next step was to generate the 

features to be used by the AFLC algorithm. We selected the low-frequency Fourier 

coefficients as the features used for this classification. The Fourier transform as described 
' 

in the previous chapter, was used to calculate the Fourier coefficients of the image data 

array. We use the synunetry of the Fourier transform to reduce the number of coefficients 

needed. We know that only half of the real and imaginary terms obtained from the Fourier 

transform are unique and need to be calculated. Also, since we need only the lower 

frequency terms, we collected data for the lower harmonics for each character. For 

example, for the second hannonic we have 5 terms (-2 to de to + 2) in the x -direction and 

5 terms ( -2 to de to + 2) in the y-direction, giving us 25 real and 25 imaginary coefficients. 

According to the symmetry of the Fourier transform, there are 13 unique real terms and 12 

unique imaginary terms (since the imaginary de term is always zero). We take the frrst half 

of the real coefficients as the frrst half of the feature matrix, disregarding the second. In 

the second half of the feature matrix, we include the lower half of the imaginary coefficient 

matrix, so as to get all the unique coefficients from the Fourier transform, without any 

redundancy or loss of information. We calculated the unique Fourier coefficients for the 

first, second and fifth hannonics. This gave us 9 coefficients for the frrst hannonic, 25 

coefficients for the second, and 121 coefficients for the fifth harmonic. 

These coefficients were then normalized using the equation: 
F F _ r,c 

r,c - [2n+l2n+l ]l/l 
IIF;~c 
r=l c=l 

(3.1) 
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Where, 

~.c = the normalized (r,c)'th element, 

r = rows, 

c = colwnns, 

n == number of hannonics. 

3.5 Oassification 

Once the coefficients are collected, these are used as the feature vector to classify the 

characters. This means that each character is represented by the Fourier coefficient matrix 

generated as explained in the last section, which in tum represents a point in an n

dimensional feature-space. For the case of 25 coefficients, n is 25, and each character is a 

point in a 25-dirnensional hyperspace. Thus, we have a set of samples, each with a feature 

vector of its own, which is then classified using the AFLC algorithm. The AFLC 

algorithm is explained in Chapter II. One of the advantages of using this network is that 

we can easily modify the system to allow it to accept new data as it is generated, which 

means that this system has the capability to be used in a real-time situation. For this 

research, we made the above modification to the original program used for the research in 

[6]. Various experiments were conducted to test the validity of this algorithm in various 

conditions. The next chapter discusses each of the experiments and their results in more 

detail. 
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CHAPTER IV 

EXPERIMENTS AND RESULTS 

In this chapter we discuss the various aspects of character recognition that were 

addressed in this research. The frrst and most important was the effect of variations in the 

letters and the various ftle formats of the character flies. The second was the efficiency of 

this algorithm when the number of inputs were increased. The third was to see if this 

approach had limitations if applied to whole words. 

4.1 Variations in the Characters 

The biggest hurdle to any character recognition technique is the variations that it has 

to encounter in the data set with respect to size, shape, orientation, thickness, position on 

the page, distortion, noise, and the biggest factor of all: variations in the way the 

characters are written. The last is the biggest problem in the area of handwriting 

recognition, since the human writing style varies not only from person to person, but 

varies even for the same individual from time to time depending on the situation. A 

person, whose writing may be very easy to understand usually, might write totally illegibly 

under a lot of stress or if the conditions of the writing are not good, e.g., in a moving bus. 

Tills is a problem for which we do not really expect a solution, but the best we can expect 

a computer to do is to be able to understand the legible writing of a person. The rest of 

the variations should be addressed by the recognition system, and it is expected that the 

system be able to cope with them to a high degree of accuracy. 

A standard character data set was not available, and so for this research, we 

generated our own characters using various methods. We conducted experiments on a 

wide range of characters to see how well the system reacted to variations and how good 
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was the overall approach. We created 9 different sets of the 26 alphabets in differing 

formats. We created 4 sets of characters by scanning them by a camera and digitizing the 

image captured. These were stored as binary, as well as TIFF file format. Then we 

created 4 sets of characters on the Paintbrush utility on Windows. These gave us 

characters in BMP and PCX flle formats. The last set of data was computer generated. 

We used the last set of data just in the initial runs of the programs to get an idea of the 

various parameters that we had to deal with. 

The different character sets were dissimilar not only with respect to their file formats, 

but also in size, shape, placement on the page, orientation, thickness and in the style of 

writing. A good idea of the difference in the character sets used can be obtained by 

looking at Figure 4.1 which shows five versions of the letter a. 

The characters were normalized to the same format and to the same size 

specification. The images were trrst cropped, i.e., the extra white space around the letter 

was cut off, leaving only the character within the image boundary. The files were scaled 

to the same size, 64 x 64, to make all the letters comparable in size and picture intensity. 

If the images were not binary, they were binarized to a 0/1 format. A program was 

written to do all of the above image manipulations. The last step was to convert all the 

files to HSI Raw format so that the experiments next did not have to deal with different 

file formats. This format was chosen, since the file size is smaller than if stored as data 

files. One set of letters generated by Paintbrush is shown in Figure 4.2. 
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Figure 4.1 Examples of Variations in the Character "a" 
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Figure 4.2 One Set of Characters 
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4.2 The Experiments 

4.2.1 Number of Harmonics Needed 

For the first experiment, we collected the Fourier coefficients for the normalized 

characters and stored the data for the first, second, frfth and seventh harmonic. The 

objective was to see how many coefficients were needed to classify the data to an 

acceptable degree of accuracy. The experiment was conducted initially with 6 sets of the 

characters a and hand then with 6 sets of the characters a, b, c, d and e. The results in 

Table 4.1 show that the first harmonic itself has almost enough information to classify the 

letters. The coefficients from the second harmonic made the results totally error free. But 

as we increase the number of harmonics, thereby increasing the number of coefficients, the 

accuracy of the classification does not increase; on the contrary we see cases of 

misclassification. This shows that the lower frequency components of the Fourier 

transform contain most of the information regarding the shape of the character, and if we 

take higher frequency coefficients, distortions in the image and the variations in shape 

have to be taken into account. Just the second hannonic is enough to classify the data to 

the best degree of accuracy expected. So, for the rest of the experiments, we calculated 

only till the second hannonic giving us 25 terms per character. 

4.2.2 Effect of Varying the Characters 

The second experiment was to see how well the algorithm worked under variations in 

thickness, size, shape and orientation of the characters on the page. Here we took the 

original size of the images, and tested them with the images of the same character sized to 

64 x 64 pixel size. The results show that scaling of the images does not affect the 

classification at all, and the characters are all recognized correctly even when the sizes are 

different, or when they are not cropped. The uncropped images also had the letters in 

different positions on the page, showing that translation did not affect the coefficients. 
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Table 4.1Number of Characters Classified Correctly out of 6 with Increasing 
Number of Harmonics. 

For a and h: 

Character 1st 2nd 5th 7th 

Hannonic Hannonic Hannonic Hannonic 

a 6/6 6/6 6/6 6/6 

h 6/6 6/6 5/6 6/6 

For a, b, c, d, and e : 

Character 1st Harmonic 2nd Hannonic 5th Hannonic 
-· 

a 6/6 6/6 6/6 

b 6/6 6/6 5/6 

c 5/6 6/6 5/6 

d 6/6 6/6 6!6 

e 5/6 6/6 6/6 
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The only thing that did affect the results to a certain degree was the rotation of the 

images on the page. The recognition was affected when the image was rotated by an 

appreciable angle ( > 20 degrees). The experiment also showed that the algorithm was not 

very sensitive to shape variations. The characters were quite distorted when generated on 

paintbrush, since the resolution was not very good. These images were recognized to the 

same degree of accuracy as the characters generated by scanning the characters by the 

camera. The other area where the algorithm failed to group the characters properly was 

when the characters were written in two or more different styles for the same letter. For 

some of the characters, the character was classed into the noise cluster, which is what is 

expected. All these results are summarized in Tables 4.2- 4.3. 

4.2.3 Classification (or Misclassification) of Similar Letters 

The next experiment was to test how far this approach was successful in classifying 

characters which were not the same, but looked very much alike. For this experiment, we 

took all 9 sets of character coefficients and ran them through the AFLC program. After 

going through the results, we see that here is a shortcoming of this approach. An f written 

like a g are sometimes classified together, e and l, and e and c if written in a way to create 

ambiguity did cause misclassifications. This research has not figured out an easy way 

around this problem. The only feasible solution is to have instructions for the writer so 

that we avoid any ambiguities. But this limits the application of character recognition to 

very specific cases. 

4.2.4 Rotated Characters 

Rotated characters offer another challenge to character recognition using the Fourier 

transform. We know that the Fourier transform has the property that if the image rotates 

33 



Table 4.2 Results of Classification of Characters of Various Sizes. 

Character a b c Zero Cluster 

a (64 x64) 6 

a (128 x 128) 6 

a (256 x 256) 5 1 

b(64x64) 6 

b (128 X 128) 6 

b (256 X 256) 6 

c(64x64) 6 
-· 

C (128 X 128) 5 1 

C (256 X 256) 6 
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Table 4.3 

Variation 

Original 

Different 

Style 

Different 

Style 

.· 

Scaled 

Rotation 

Results of Classification of Characters Varying in Shape due to 
Distortion or Differing Styles of Writing. 

Distorted Character Classified Correctly (Yes or No) 

0~ Yes 

a_ No 

,.,.--~· 
Yes (' 

~ A . 
"-

. / .. __ 

~ 
Yes 

,...::-...... ~ Yes 
{ ............. -<.,.,~'' 

~ 
.• I .... ,f ·-.""' -
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through the angle e, the transform will also rotate in the same direction by the same angle. 

There is no change in magnitude of the frequency components. This can be seen from 

Figure 4.4 which shows the Fourier transform of a character and its rotated counterpart. 

So we rotated the Fourier coefficients a small angle at a time and measured the correlation 

between the two images; increasing the angle till we get a maximum. This is a little 

computationally intensive, but to make the algorithm insensitive to rotation, we included 

this option. 

4.2.5 Comparision with K-Means Clustering 

For this experiment, we compared the AFLC algorithm with the K -means algorithm. 

The confusion matrices are shown in Tables 4.3 and 4.4. These show that the AFLC 

classifies most characters that are written legibly to be classified correctly. There were 

some characters which were not classified properly .The AFLC classification put the 

characters difficult to recognize in the zeroeth cluster. There were a few 

misclassifications, but that was expected when letters are written very similar to each 

other. 

36 



Table 4.4 Confusion Matrix for the AFLC classification using 7 sets of Characters 
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Table 4.5 Confusion Matrix for the K-Means classification using 7 sets of 
Characters 

0 
u 
T 
p 

u 
T 

Cl 

b 

c 
d 

e 
t 

[g 
h 
I 

i 
k 
I 

m 

n 
0 

p 
q 

r 

s 
t 
u 

v 
w 
X 

y 
z 

Cl b c d e t I g 
3 1 3 

2 2 3 
2 3 3 
2 2 2 

3 3 
2 3 2 
1 2 4 

1 

1 

A C T U A L 
h i i k lm n 

1 

2 
1 

1 
2 1 2 

3 3 1 
3 3 

2 2 
4 

4 1 
3 12 3 

I 

3 

1 

1 

38 

0 p jq r s t u v w )( y z 
1 1 2 

1 1 

I 

3 : 

2 

2 
1 1 

2 
2 

2 1 
3 

2 1 
1 2 1 I 

2 2 
3 ! 

3 I l 1 3 
2 

1 2 2 1 
2 4 1 2 

3 
2 4 

1 2 2 
2 1 2 



250 

0 0 

(a) Original Figure and its Fourier Transform 

250 

200 

1 

100 

0 0 

(b) Rotated Character and its Fourier Transform 

Figure 4.3 Rotation of Characters 
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CHAPTERV 

CONCLUSIONS 

This research has shown that the AFLC can be used as an effective tool for character 

recognition. This algoritlun worked extremely well under very difficult situations. The 

approach works with ftle formats of different kinds, making it free from the restriction of 

generating character data. The algorithm works very well for characters written in 

different ways, and though there are the natural problems of understanding illegible and 

unique characters, the overall performance is remarkable. The premise that Fourier 

transforms could be used to classify characters has been tested and found to hold true for 

handwritten characters. The outcomes of this research are summarized below. 

1. The Fourier coefficients were excellent features which could be used for character 

recognition. The amount of work done on the Fourier transform makes the theory for this 

very easily accessible. Many algorithms exist for the fast computation of Fourier 

transfonns. Also, only the frrst few harmonics of the Fourier transform suffice to classify 

the characters to a satisfactory degree. This reduces the feature vector, making 

calculations for the classifier much less cwnbersome. Rotation invariance was the only 

area where we encountered some problems, but even that has been overcome, albeit by a 

computationally intensive method. 

2. The research showed us that the AFLC algorithm worked much beeter in the 

classification of characters as compared with the K -means algorithm. Also it showed us 

that the AFLC was better for real data since it forms a zeroeth cluster for data not 

classified properly and that it did not need a-priori information on the data samples. 

3. The research familiarized us with various formats that many imaging systems 

worked with like TIFF, BMP, Targa, PIX, PCX and HSI Raw. We learnt how the files 
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were represented in each of these formats and how to convert between each of them. The 

research helped us to realize that any scanning or picture generation system could be used 

to get the characters, thereby greatly increasing the options of generation of characters 

which has been a stumbling block for a lot of research in this area. 

4. We saw that scaling, translation and thickness did not make a significant 

difference to the overall result. This is in accordance with the theory of Fourier 

transforms. The variation of characters according to style of writing does not affect the 

recognition, unless the letter is written in a totally different style. 

5. Whole word recognition was explored using this approach. Using the example of 

[5] whole words were generated from individual characters. A few experiments were 

conducted to test the feasibility of extending this approach to handwritten words. The 

variations in words with respect to spacing, size and different orientations of the 

characters makes it a more difficult task, and in the limited runs that we conducted, the 

recognition was not good. 

5.1 Recommendations for Further Work 

This research gives us cenain lines of thought to follow for further work. The area of 

word recognition using this technique can be further investigated, and is an area full of 

promise. The rotation invariance is also something that was addressed, but not perfected. 

The other area which can be looked at is the effect of smoothing the characters before 

feature extraction. Though this adds some extra burden on the preprocessor, it might 

improve the overall performance. 
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